Long-term effects of higher-quality early childhood education for at-risk children on their later development and resilience by Pan, Yi
Long-Term Effects of Higher-Quality Early Childhood Education for
At-Risk Children on Their Later Development and Resilience
Yi Pan
A dissertation submitted to the faculty of the University of North Carolina at Chapel Hill in
partial fulfillment of the requirements for the degree of Doctor of Philosophy in the Depart-














YI PAN: Long-Term Effects of Higher-Quality Early Childhood Education for At-Risk
Children on Their Later Development and Resilience
(Under the direction of Rune J. Simeonsson.)
The current literature records mixed effects of early childhood education on child de-
velopment. In this work, I investigated long-term effects of higher-quality early education,
especially higher-quality pre-Kindergarten - grade 3 education, on children’s cognitive, aca-
demic, behavioral, and resilience development using the longitudinal data collected in the
Study of Early Child Care and Youth Development (NICHD Early Child Care Research Net-
work, 2000). Multiple imputation procedures were used to handle the difficulty of missing
data, and propensity score matching technique was implemented to facilitate causal infer-
ence for the effect of higher-quality education experience on study participants’ develop-
ment. There were five main conclusions. First, null findings on effects of higher-quality
pre-Kindergarten education were consistent with most existing findings that preschool edu-
cation alone was unlikely to have a sustaining positive influence on enrolled children’s de-
velopment. Second, there was clear evidence that higher-quality pre-Kindergarten - grade 3
education was effective in promoting child long-term development in various areas. Third,
there was evidence to support the proposition that higher-quality early elementary education
provided additional benefits on top of higher-quality pre-kindergarten experience. Fourth, I
did not find convincing evidence that at-risk children harvested more benefits from higher-
quality early education than their more advantaged peers. Fifth, while good pre-Kindergarten
- grade 3 education was found to support healthy child development, its positive effects could
not fully compensate for the negative influences of risk factors. Limitations of the study and
the outlooks for future research directions are identified.
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Human development is a constantly evolving process which involves complex inter-
play between a person’s biological characteristics and his living environments (Karoly, Kil-
burn & Cannon, 2005). Numerous child development studies have shown that the first few
years of a person’s life is essential in his life-span development, laying foundations and set-
ting directions for future development in various areas (Bailey, 2002; Dodge, 2004; Heckman,
2004; Shonkoff & Phillips, 2000). However, many young children face various challenges
in that they are lacking appropriate environment support and stimulations to promote their
healthy development. In 2007, it was estimated that 5 million children under age 6 in Amer-
ica lived in low-income families which could not provide necessary resources for their chil-
dren’s adequate development (National Center for Children in Poverty, 2009). Poverty has
been found to be a good indicator of the presence of multiple environmental challenges that
may potentially hinder a person’s development (Bradley et al., 1994; Buckner, Mezzacappa
& Beardslee, 2003; Garmezy, 1991; National Center for Children in Poverty, 2009). More
than 10 million young children were under one or more development-threatening risk factors
and about 2.5 million under the threat of three or more risk factors in 2007 (National Center
for Children in Poverty, 2009).
Research has found that children who grow up with multiple risk factors make much
slower progress in various development areas. The Early Childhood Longitudinal Study
of the Kindergarten Class of 1998-1999 (ECLS-K) showed that children from disadvantaged
background lagged behind their more advantaged peers in areas of cognitive and social devel-
opment when formal schooling started (Karoly, Kilburn & Cannon, 2005; West et al., 2000).
The gaps between the two groups tend to become larger as they advance through school and
will result in drastically different developmental outcomes (Heckman & Masterov, 2007).
This Matthew effect (Merton, 1968), the disadvantaged become more disadvantaged, is also
manifested in multiple academic related outcomes (Walberg & Tsai, 1983). Disadvantaged
children are more likely to be placed in a special education program, retained a grade, and
drop out of school (Malakoff, Underhill & Zigler, 1998). By fifth grade, children who live in
poverty are two times less likely to have proficient math and reading skills than their finan-
cially more resourceful peers (Dearing, McCartney & Taylor, 2009).
In order to give all children a fair chance to succeed and reduce developmental gaps
among children from different background, great efforts need to be made to provide children,
especially the ones from disadvantaged environments, with adequate developmental opportu-
nities. Early childhood education (ECE) is one of the most important experiences in the early
years (Spodek & Saracho, 2005). Research has repeatedly shown that higher-quality ECE is
associated with various positive short- and long-term outcomes (Anderson et al., 2003; Bai-
ley, 2002; Karoly et al., 1998; Karoly, Kilburn & Cannon, 2005). Since 1960’s, different
small- and large-scale higher-quality ECE programs have been offered to children from dis-
advantaged families (Anderson et al., 2003). Researchers and policy makers expect that these
programs can help close developmental gaps between them and their more advantaged peers
and give them a fair start for future development.
Findings from large-scale observational studies on publicly implemented early child-
hood programs largely concentrate on short-term influences (Karoly, Kilburn & Cannon,
2005). In many studies, children showed improvements in cognitive and behavioral devel-
opment shortly after attending Head Start programs, but most positive effects diminished as
they grew up (Copple, Cline & Smith, 1987; Eisenberg & Conners, 1966; Lee et al., 1990a;
Malakoff, Underhill & Zigler, 1998; Zigler et al., 1982). The results have led people to ask if
big investments in public funding for ECE is worthwhile (Currie & Thomas, 1995). Scientists
were concerned about the possibility that the potential positive effect of preschool experience
would be canceled out by subsequent sub-par elementary education. For example, Holden
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(1990) hypothesized that children who graduated from Head Start programs were more likely
to go on to schools of poorer quality than their non-Head Start peers. He considered it to be
among potential reasons why researchers could only detect short-term effects of Head Start
programs during the first few years after children graduated from these programs. Some
researchers argued that large-scale one year public programs were not intensive enough to
cause long-term positive effects on enrolled children and that the following low-quality el-
ementary education failed to stimulate their further development (Currie & Thomas, 1995,
1999). This hypothesis is consistent with study findings that more intensive intervention
programs have bigger and more sustaining positive effects on the participants than less inten-
sive ones in experimental studies on small-scale ECE programs (Campbell & Ramey, 1994,
1995). However, very few empirical studies have been carried out to provide appropriate
data that allow researchers to test this hypothesis. What is more, the observational study
design prevents researchers from making causal inferences (Rubin, 2005; Schneider et al.,
2007) about ECE’s effects on enrolled children’s development. As a remedy to the study de-
sign, scholars have used advanced analytic tools (e.g., fixed effect models (Currie & Thomas,
1995, 1999), and discontinuity regression method (Ludwig & Miller, 2007)) to reduce selec-
tion bias in their observational studies and estimate an approximate causal effect of ECE on
children’s developmental outcomes.
In the background that school readiness is given more and more attention by parents,
practitioners, and policy makers (Pianta, 2007), and the educational accountability system
gradually moves down to include ECE (Meisels, 2007), there is an increasing trend of im-
plementing an integrated pre-kindergarten - grade 3 (preK - 3rd) education model (Jacobson,
2009; Mead, 2009a,b). The model, in general, includes access to preK education, mandatory
kindergarten education, and rigorous elementary grade 1-3 education built on the foundation
of enrolled children’s first two years’ educational experience (Bogard & Takanishi, 2005). A
brief one-year ECE program, once thought as a possible cure for closing achievement gaps
between children from disadvantaged backgrounds and their more advantaged peers, is now
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deemed by more and more policy makers and educational researchers as an important com-
ponent of longitudinal and intensive educational services (Reynolds, Magnuson & Ou, 2006).
However, there is still very little empirical research that evaluates the effectiveness of such
an educational model.
While scientific studies in the area of ECE over the past five decades mainly focused
on studying effects of ECE on children’s cognitive, academic, and behavioral development
outcomes, another developmental area, resilience, is receiving more scholastic and practical
attention in recent years. When studying at-risk population, researchers frequently found
that some of their study participants conquer enormous life difficulties and develop into pro-
ductive members of their societies (Garmezy, Masten & Tellegen, 1984; Masten, Best &
Garmezy, 1990; Werner, 1990, 2005; Werner & Smith, 1982, 1992). Like a spring that can
function normally even under great pressure and goes back to its original shape the mo-
ment the pressure is gone, these children have demonstrated their abilities of maintaining
high competence level under great adversities, or recovering quickly from traumatic experi-
ences to obtain satisfactory later life outcomes (Masten, Best & Garmezy, 1990). Resilience
researchers study the process in which children acquire positive life adaptations despite of
various life challenges with a focus on how to design and implement effective prevention and
intervention programs to support the development of at-risk children. However, there is little
research that investigates the influence of ECE on children’s resilience development.
In this study, I investigate potential effects of higher-quality preK - 3rd education on at-
risk children’s development that extends existing research in four ways. First, I study effects
of higher-quality preK - 3rd education besides one-year programs. Second, in addition to the
common developmental areas usually examined in existing research, I also explore influences
of early education on children’s resilience development. Third, unlike many previous studies
that operationalize treatment condition defined by enrollment in ECE programs of interest, I
define my treatment condition of higher-quality early education using direct measurements
of the quality of participants’ classroom experiences. Finally, I incorporate recent advances
in quantitative research methodologies to appropriately treat missing longitudinal data and
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facilitate causal inference of ECE effects in an observational study. I plan to find answers to
the following research questions.
• Does higher-quality preK education have sustainable effects on children’s cognitive,
academic, behavioral, and resilience development?
• If so, are the effects more significant for at-risk children than their more advantaged
peers?
• To what extent does higher-quality early elementary education add to ECE to maintain
children’s positive developmental momentum?
• Does higher-quality preK - 3rd education moderate the potential negative influence of
experienced risks on children’s development?
• Does higher-quality early elementary education provide any additional beneficial ef-




Early Childhood Education Effect Research
The concept of government funded preschool programs is one that reaches as far back
as the 1960’s when U.S. President Lynden Johnson launched the War on Poverty and the
federal government appropriated funds and administration for the Head Start programs. This
national project was implemented to provide emotional, social, medical, nutritional and psy-
chological services to underprivileged young children. An important component of these
government efforts to reduce, if not eliminate, poverty in America was to provide quality
Head Start service to disadvantaged children. Its aim was to promote their early develop-
mental skills and help them stand on an equal footing with their more financially resourceful
peers by the time they started formal schooling. After implementation for nearly five decades,
Head Start is now designed to offer a wide range of education, health care and family services
to support enrolled students’ general development and normal functioning of their families.
In 2006, 900,000 children under 6 were served by Head Start nationwide (National Center
for Children in Poverty, 2009). In 1994, the U.S. government decided to expand the project
to cover at-risk infants and toddlers and this new programmatic effort is now known as Early
Head Start (Love et al., 2006). In 2007, over 80,000 children were served by Early Head
Start (National Center for Children in Poverty, 2009). Since the start of implementing the
nationwide Project Head Start, education researchers and policy makers have been evaluat-
ing potential effects of this program on enhancing children’s development and trying to reach
a conclusion whether it makes a meaningful difference in their development.
Besides Head Start programs, more and more states start to provide public preK ed-
ucation as an effort to better prepare pre-kindergartners for elementary school. The number
of states that administered public preK initiatives reached 38 in 2002 and more than 800,000
students were enrolled in their preK programs in 2005 (Fitzpatrick, 2008; Gormley et al.,
2005). Public preK is advocated by scholars and policy makers on the basis that higher-
quality ECE is an important early experience and will benefit young children from various
family backgrounds. Although most states’ publicly funded preK programs still emphasize
providing service to disadvantaged children as does Head Start, six states (Florida, Georgia,
Massachusetts, New York, Oklahoma, and West Virginia) have managed to offer their ECE
service to all children (Gormley et al., 2005). Unlike Head Start programs which aim to
provide all-around services to disadvantaged children and families, the top priority of pub-
lic preK programs is to focus on promoting young children’s school readiness, defined by a
specific set of skills, knowledge, and behaviors (Gormley et al., 2005).
Numerous small-scale early childhood intervention studies have been conducted in
different geographic locations in America since early 1960’s. Many of these early inter-
vention programs followed the development of recruited children more closely than Head
Start researchers do (Ramey & Campbell, 1991; Weikart et al., 1978). In these studies,
researchers usually targeted a group of disadvantaged children, but the actual intervention
programs were different from what publicly available preschool programs offered in various
aspects. Researchers were able to design experimental studies more rigorously and maintain
high participant retention rates because they usually had much more control over the imple-
mentation of these small-scale programs than public ones. Thus, they could reach more re-
liable causal inferences about their programs’ effects than researchers who study large-scale
public programs (Anderson et al., 2003).
In the next section, I first review two large-scale public ECE programs/initiatives,
Head Start and public preK programs. Following that, I discuss two most influential small-
scale studies, Perry School Project, and North Carolina Abecedarian Project.
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Head Start
Project Head Start has been widely documented and studied in the field of ECE effect
research. The government sponsored project targets disadvantaged preschool-age children.
Its goal is to nurture their developmental skills, enhance their school readiness, and improve
their health (Hale, Seitz & Zigler, 1990). With high public expectations of various potential
benefits and concerns about the effectiveness of the financial investment, researchers are con-
stantly conducting systematic investigations of Head Start effects on child development and
potential paybacks to the public. The findings of these inquiries can help answer the ques-
tion whether Head Start provides effective supports to the development of enrolled children,
justify the continuation and expansion of Project Head Start, and suggest possible improve-
ments to the project.
Most existing studies on Head Start examine short-term benefits on children’s cogni-
tive, academic achievement, and positive behaviors because this public project is not designed
for long-term follow-up of enrolled children after they graduate from Head Start programs.
Also, most studies are observational in nature due to the fact that Project Head Start targets a
specific population and the enrollment of children is usually not based on random assignment
commonly seen in experimental trials due to practical and ethical reasons.
Eisenburg and colleagues (1966) conducted an observational study to examine the
short-term effect of a three-month Head Start program on cognitive development in a sample
of children from poverty families in Baltimore, MD. They found that after participating in
the short Head Start program, participants’ test scores were much higher than the control
group with similar family background. Lee and her colleagues (1990a) studied the influence
of Head Start for underprivileged African American children on their kindergarten and grade
1 outcomes. A sample of young children was assigned to one of following three conditions:
Head Start, other preschool programs, and no ECE based on family choices. Researchers
explored the empirical distributions of important demographic variables and determined that
Head Start children were the most disadvantaged among the three group based on these
criteria. As a result, the potential bias tended to result in underestimation of Head Start effect
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and the researchers would be less concerned about making false positive conclusions. The
results showed that the Head Start group performed better than the other two groups in two of
the three assessments that measured cognitive development. Zigler and his colleagues (1982)
conducted an observational study to examine the short-term effect of Head Start programs
on standardized intelligence test scores of a group of children from similar at-risk family
backgrounds. Instead of only comparing pre-test and post-test scores, they also administered
the test shortly after the pre-test to see if children would score higher later merely because
they were more familiar with the assessment. They then compared the re-test and post-test
scores to account for the artificial gains due to repeated testings. They found that children
in Head Start still made significant continued progress from re-test to post-test, while those
who were not enrolled in Head Start did not make any significant improvement.
Copple, Cline, and Smith (1987) studied the data collected over 10 years on Head
Start programs in the Philadelphia school district. They concluded that there were signifi-
cant differences between students who did and did not go to Head Start in several academic
achievement outcomes of fewer days of school absence, lower percentages of missing tests
and grade retention over 10 years, and significantly higher test scores in a short term. How-
ever, they reported a serious data attrition problem. Only 30% of the children’s data in this
study were successfully recorded for 10 years. In another study, Lee and colleagues (1990a)
followed a group of children who were enrolled in a local Head Start program and a com-
parison group who were on the program’s waiting list but did not get in for two years. They
found positive effects of Head Start program on verbal test scores.
Malakoff and colleagues (1998) conducted an observational study on the effect of
Head Start on children’s self-efficacy development. They recruited three groups of preschool
aged participants: 26 Head Start children, 26 children who were on waiting list of Head
Start programs but did not receive any preschool experience during the study, and 26 middle-
class children enrolled in a university-affiliated preschool. Researchers compared curiosity
to novelties, willingness to take challenges, persistence at tasks, and preference to intrinsic
reinforcement of participants in different groups. They found that while Head Start children
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performed better than their non-preschool peers, they still lagged behind their middle-class
peers. Researchers reached the conclusion that Head Start had a significant effect on enhanc-
ing participating children’s self efficacy, but still did not raise participating children’s perfor-
mance to the level demonstrated by middle-class children. In a study mentioned above, Lee
and colleagues (1990a) found that enrollment in Head Start programs had positive associa-
tions with development of social adjustment abilities.
All of the above studies utilized convenience samples in their evaluations of Head
Start effects. A major criticism against those studies is that the Head Start children and those
in control groups might not be comparable. To solve this problem, Currie and Thomas (1995;
1999) fit fixed effect models to data from the National Longitudinal Survey of Youth (NLSY)
to control for potential family background differences between control and treatment chil-
dren. The researchers recognized that the main problem in most studies of Head Start effects
was that study participants were not randomly assigned to treatment or control condition. Al-
though researchers could examine if there was difference in the observed covariates between
the two groups, they could never know if the groups were different in any unobserved con-
founding factors. Hence, Currie and Thomas focused their attention on twins in which one
sibling attended a Head Start program, but the other did not. By conducting within-family
between-sibling comparisons, researchers managed to eliminate the confounding influence
of unmeasured time-invariant family attributes that were common to both children within a
same household. Therefore, their findings regarding Head Start effect estimates should be
less biased than studies which did not seriously consider minimizing selection bias and max-
imizing comparability between treatment and control group. They found that Head Start had
a significant short-term effect on the development of cognitive and academic competence.
This was consistent with findings of many other studies. However, unlike other studies that
concluded that benefits generally faded away as children grew up, the researchers found that
positive long-term effects remained for white children by age 14, but no effect was evident
for black children. The researchers also observed that white Head Start children were likely
to attend elementary schools which were in similar level of quality as their more advantaged
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peers, but black Head Start children were likely to attend much lower quality schools after
leaving preschool programs. This led the researchers to believe that the educational envi-
ronment children were exposed to after Head Start was also very important to maintaining
long-term positive effects. The authors (1999) also examined Head Start effects on Hispanic
children in a later study. In that study, the researchers used the same analytic approach, but
focused on a Hispanic sample. Their findings were that the Head Start had significant short-
and long-term effect on cognitive development and long-term effect on academic competence
in Hispanic children.
Ludwig and Miller (2007) used a different technique to ameliorate the problem that
treatment and control groups were not compatible in observational studies on Head Start
effects. They used the method of discontinuity regression to compare outcomes of children
from counties receiving high Head Start funding with those of children from nearby counties
which received lower funding. The two groups were very similar in terms of poverty level.
The researchers found evidence that at-risk children from the counties with more Head Start
funding had higher cognitive and academic competence than those from similar poor counties
with less funding.
Since Project Head Start is not designed to have a component to follow up longitudinal
developmental outcomes of participants, there are few studies on its long-term effects. A cou-
ple of studies mentioned in previous paragraphs studied this topic (Copple, Cline & Smith,
1987; Currie & Thomas, 1995, 1999; Ludwig & Miller, 2007). In most studies that explored
Head Start’s long-term effects, researchers used national longitudinal data which were col-
lected for other research purposes, but included information of respondents’ Head Start sta-
tus to study potential long-term effects (Aughinbaugh, 2001; Currie & Thomas, 1995, 1999;
Garces, Thomas & Currie, 2002). Aughinbaugh (2001) used the data of NLSY 1997 to study
the relationships between Head Start and school suspensions, grade retentions, and academic
achievement scores. Her results showed that Head Start had little effect on the outcomes of
interest in participants’ adolescent years. She stated that this supported other research con-
clusions that Head Start programs were not intensive enough to have a long-lasting effect on
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enrolled children. However, in her study, the key variable of Head Start status was provided
by parents based on their recollections. What was more, when coming across missing data
in covariates used in her regression model, she simply set missing values to zero as a way to
impute missing data. These two limitations made readers of the report suspect the validity
of the study results. In another study (Garces, Thomas & Currie, 2002), researchers investi-
gated Head Start’s long-term effects by analyzing the longitudinal data, Panel Survey of In-
come Dynamics, with retrospective information on whether study participants were enrolled
in Head Start programs when they were young. In general, researchers found no long-term
effect of Head Start on various outcomes except that Head Start children were more likely
to attend college than those who did not receive any preschool service. They also found
that white children benefited from Head Start more than black children did. A significantly
higher percentage of white Head Start children completed high school, attended college, and
had higher incomes on average than white children who did not attend preschool. For black
children, their early education experience only had some effect on reducing the likelihood of
ever committing a crime. The beneficial effect was even stronger if mothers of Head Start
children had lower levels of education. Despite the valuable findings they produced, both
studies discussed above were observational. Researchers could not make strong conclusions
about causal relationships between Head Start and longitudinal life outcomes. Also, both
were susceptible to measurement errors due to the retrospective nature of the data source.
Several decades of observational studies on Head Start has produced a large amount
of information in terms of the effectiveness of this public program and how it has helped
enrolled children develop and increase their life chances. Launched in 2002, Head Start
Impact Study (HSIS) randomly assigned a nationally representative sample of 4,667 children
at age 3 and 4 from eligible families to a Head Start group and a non-Head Start group. Also,
another study, Early Head Start Research and Evaluation Project (EHSREP), was initiated
in 1996. It is also an experimental study involving over 3,000 children. Participants were
enrolled and randomly assigned to an Early Head Start treatment group and control group
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when they were less than 12 months old. These studies aim to fill the void of randomized-
trial longitudinal studies in this research area. At present, only short-term effects of both
projects are reported and the results are consistent with previous studies that Head Start
and Early Head Start have significant effects in enhancing enrolled children’s short-term
developmental outcomes in different domains (Puma et al., 2005; Love et al., 2006).
HSIS and EHSREP are still in their early years and currently there are no other lon-
gitudinal prospective studies on Head Start programs that follow participants into adoles-
cence and adulthood (Currie, 2001). Ludwig and Philips (2007) have used short-term gain
from HSIS and information from past longitudinal studies of Head Start (Garces, Thomas &
Currie, 2002; Ludwig & Miller, 2007) and the Perry School Project (Belfield et al., 2006;
Berrueta-Clement et al., 1984; Schweinhart, Barnes & Weikart, 1993; Schweinhart et al.,
1985; Weikart et al., 1978) to estimate possible long-term effects of current Head Start pro-
grams. Their basic logic is that if the short-term gain detected in the current HSIS is at par
with or exceeds that detected by previous studies which also detected meaningful positive
long-term effects, people should have a strong reason to believe that current Head Start pro-
grams have similar or even stronger long-term effects on enrolled children. It is creative of the
researchers to combine data from different studies to reach conclusions on long-term effects
of Head Start. As longitudinal data on study participants’ later developmental outcomes are
further collected in HSIS and EHSREP, more direct and reliable estimates of program effects
and causal relationships between the programs and child outcomes may be established.
Public preK programs
In recent years, there are a number of scientific investigations on the potential benefits
of public preK for enrolled children. The most representative research is done by Gormley
and his colleagues on Oklahoma’s public preK programs (Gormley, 2007). They discovered
that children from lower socioeconomic status (SES) reaped significantly more benefits from
full-day programs than half-day programs. In contrasts, students from higher SES families
benefited from half-day, but not full-day programs. This interesting finding may have several
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implications. For children from disadvantaged backgrounds, an intensive full-day program
may be more effective in compensating for their loss of developmental opportunities in lim-
ited physical environments than a half-day program. On the other hand, while the preK
programs may be of some value to higher SES students, many activities they experienced
at home might be comparable or even more beneficial than those in classrooms. A public
preK program might not be their unique place to learn important skills. Of course, this result
could be due to the fact that current assessment tools are insensitive to the progress higher
SES children made (for example, a lot of them reached the highest possible scores of the
tests, i.e., ceiling effects). There is another argument of how the programs are beneficial to
disadvantaged students: they benefited significantly because they had behavioral models of
higher SES children. If this is the case, then simply dividing lower and higher SES students
to full-day and half-day programs, suggested by earlier results, will not be an effective pol-
icy implementation. Besides studies on the association between public preK and children’s
cognitive development, researchers are also starting to explore the benefits of the program
on children’s social development. Gormley and colleagues (2009) found that public preK
students had stronger capacity to pay attention to and stay engaged in adult-child interactions
and used better interpersonal skills in the interactions than those who did not attend public
preK programs.
When comparing Head Start and public preK programs, Gormley and his colleague
(2007) found that the latter one spent significantly more time on reading and mathematics in-
struction than the former. Head Start programs, on the other hand, spent more time on social
studies and dramatic play. Head Start students engaged in more gross motor activities while
public preK students had more practices on fine motor skills. It remains to be seen whether
different classroom time allocations on various activities have different effect on children’s
development. The researchers also pointed out several methodological flaws of most existing
public preK effect studies. First, almost all current evaluations of public preK programs have
failed to use an experimental study design and to appropriately correct for selection bias.
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Second, different studies examined outcomes measured by various unstandardized assess-
ment tools and thus made the task of comparing results across studies difficult. Third, many
studies relied on self-reporting data which is a potential source of subjective bias. These
problems also exist in studies on Head Start programs.
Model programs
Starting in the early 1960’s, groups of ECE researchers set out to design and implement
a number of small-scale studies to examine early education curricula with various contents
and intensities on children’s short-term and long-term developmental outcomes. Similar to
Project Head Start, most of the curricula aimed to improve the life of disadvantaged chil-
dren and their families. These studies usually focused on small groups of participants, en-
rolled them into more intensive programs than what public programs offered, and followed a
more rigorous experimental study design than most studies on public programs (Campbell &
Ramey, 1994; Wasik et al., 1990; Weikart et al., 1978). These studies are called model pro-
grams in the literature (Aughinbaugh, 2001; Karoly & Bigelow, 2005; Love et al., 2006) in
the sense that they were not extensively implemented, but had the potential to serve as mod-
els for large-scale public projects. In the following paragraphs, I briefly review the research
results from two most representative model programs: Perry School Project, and North Car-
olina Abecedarian Project.
Perry School Project. In 1962, Weikart and colleagues started the Perry School Study
in Ypsilanti, Michigan. Researchers recruited 123 children at preschool age who were as-
sessed to be at high risk of school failure (Berrueta-Clement et al., 1984). Pairs of participants
with similar IQ pre-test scores were randomly assigned to a treatment condition of receiv-
ing High/Scope early curriculum for one to two years or a control condition of no preschool
experience respectively. A number of procedures were taken to further ensure that the treat-
ment and control group were comparable in terms of their baseline characteristics and family
backgrounds. Researchers followed study participants over the years and collected data on
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their development in various areas including cognitive development, educational achieve-
ment, employment, use of social assistance, and crime involvement.
Unlike many Head Start studies that found the beneficial effect of ECE experience
on cognitive development faded when participating children had left their programs after
three years (Karoly et al., 1998; Lazar & Darlington, 1982; Lee et al., 1990b), researchers
found a constant advantage of the treatment children over their control peers in IQ test scores
(Berrueta-Clement et al., 1984). Schweinhart (1986) compared treatment and control chil-
dren’s IQ scores measured in each year between age 3 and 10 using t-tests. They found that
at each time point, children in the treatment scored significantly higher than those in the con-
trol condition. Therefore, they concluded that the treatment group had a significantly better
trajectory in cognitive development than the control group through age 10.
Berrueta-Clement et al. (1984) also reported that treatment children on average spent
fewer years in special education settings throughout their years in the educational system.
In their study, treatment children were more likely to graduate from high school by age 19
and receive further academic or vocational training than their control peers. Treated children
were equipped with better skills needed for academic and economic success measured by
Adult Performance Level Survey than the controls at age 19. Children in the treatment were
more likely to be employed and self-supportive, find a job soon after leaving school, earn
higher salaries, and rely less on the public welfare system at age 19 than those in the control
group. Program participants were also more likely to hold jobs and less likely to live on
welfare when they were interviewed at age 27 (Schweinhart, Barnes & Weikart, 1993), and
40 (Belfield et al., 2006) than the control group.
Berrueta-Clement and colleagues (1984) reported that treated children had better
classroom conduct and personal behavior rated by their teachers than their controls in el-
ementary years and fewer delinquent behaviors at age 15 and 19. Treated children were less
likely to have criminal records and committed significantly fewer crimes than the controls.
Perry School Project also played a significant role in reducing arrest and drug use.
Schweinhart and colleagues (1985; 2006) conducted extensive cost-benefit analysis
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that evaluated expected cost and gains of their intervention program. They found that the
judicious system cost saved as a result was estimated to be over 1,000 dollars per child
through age 19. By the time program participants reached 40, researchers estimated that for
each dollar Perry School Project invested, the society gained 17 dollars in return.
North Carolina Abecedarian Project. Abecedarian Project (ABC) began in 1970s at
the Frank Porter Graham Child Development Institute at the University of North Carolina
at Chapel Hill. The major goal of the project was to provide intensive ECE and elemen-
tary school services up to grade 2 to children from economically disadvantaged families and
increase their chances of becoming productive members in the society when they grew up.
Study participants were recruited from families in North Carolina that experienced multiple
risk factors during infancy. They were randomly assigned to control and three treatment con-
ditions: both intensive ECE and elementary school service up to grade 2, only ECE service,
and only early elementary school service.
Campbell and Ramey (1991; 1994; 1995; 2002) found that their intensive ECE pro-
gram significantly promoted at-risk children’s cognitive development through age 8, 12, 15,
and 21 compared with the ones who were not in the preschool program. The researchers
also discovered that controlling for primary care givers’ IQ, attending the preschool program
was predictive of children’s intelligence at age 12. However, when comparing with a local
population sample (LPS), peers randomly selected from the study participants’ classrooms
at age 12, researchers saw that there was still a significant gap between children of all four
assigned conditions (ECE only, early elementary education only, both ECE and early ele-
mentary education, and the control condition) and LPS. This implied that although there was
convincing evidence that well-designed early educational interventions could benefit at-risk
young children significantly, these children were still likely to gradually lag behind their
more advantaged peers because their environment outside intervention programs tended not
to be as supportive.
Campbell and Ramey (1994) found that attending ABC’s preschool program was
strongly predictive of study participants’ academic test scores in areas of reading, written
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language, and math at age 12. Also, they found some descriptive evidence that fewer chil-
dren who received ECE service were placed in special education program and retained in a
grade than the control group at age 8, 12, and 15 (Campbell & Ramey, 1994, 1995; Ramey &
Campbell, 1991). Children who received preschool service also had higher academic skills
and were more likely to be still in school than their controls by age 21 (Campbell et al.,
2002).
In summary, studies on small-scale model programs found strong evidence that inten-
sive ECE is effective in promoting short- and long-term development in various areas for
children from disadvantaged backgrounds. However, the results also suggest that it may be
realistic to anticipate that providing higher-quality ECE would shrink, not fully eliminate
potential developmental gaps between these children and their more advantaged peers.
There may be a couple of reasons why model programs have been shown to be more
effective in promoting children’s well-being than most publicly implemented programs. First,
the model programs were likely to be intensive, and well designed practices with close super-
vision of knowledged and experienced researchers and practitioners, while although public
programs in most existing studies were carefully designed, how well they were carried out
depended on the availability of necessary resources of local providers. As a result, the quality
control of public programs might not be as rigorous as model programs. Second, the treat-
ment and control conditions were less contaminated in model program evaluation studies
than public program evaluations. Take the Perry School Project for example. The treatment
group experienced a same intervention and the control group did not have any ECE experi-
ence. In many public program evaluation studies, children in the treatment condition could be
enrolled in programs of various qualities and degrees of intensity. What was more, although
children in the control group in these studies did not enroll in the program(s) of interest, it
was usually not clear if they used other ECE services of equivalent or even better qualities.
If we consider both factors, it is reasonable to see more obvious group differences between
treatment and control groups in model program studies than studies on public programs.
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Resilience Development Research
Although the phenomenon that some individuals manage to demonstrate positive life
adaptations despite adversities has been observed for a very long time, the systematic sci-
entific investigation in this area only started five decades ago (Luthar, 2006; Luthar, Sawyer
& Brown, 2006; Masten, 1999, 2007; Masten & Obradovic, 2006; Masten & Reed, 2005).
Garmezy (1974; 1985; 1987) found in his study on children who suffered from schizophrenia
that some patients were competent in various domains of their lives and their performance
exceeded the common expectations of them. Garmezy and other resilience research pioneers
conducted detailed studies to find out what made high-performing schizophrenia patients
much more competent than others (Anthony, 1974; Garmezy, 1974). They also expanded
their research scope from studying individuals who were inflicted with the specific men-
tal health condition to the ones who faced various biological and environmental challenges
(Garmezy, Masten & Tellegen, 1984; Masten, Best & Garmezy, 1990; Werner, 1990, 2005;
Werner & Smith, 1982, 1992). This marks the start of scientific investigation in human re-
silience. Compared with its precursor, risk research (Werner, 2005), resilience researchers
emphasize on the process during which individuals acquire positive life adaptation skills in-
stead of how they fail to accomplish various developmental tasks. Thus, their focus on the
positive side of human development and resulted scientific findings have direct implications
on effective prevention and intervention programs that encourage healthy development.
In the early development of resilience research, many researchers regarded resilience
as an inner-personal trait. As a result, they defined the construct as a quality some individual
had to remain competent in the face of adversities. The modern view of resilience construct
is that an individual’s adaptation seems to evolve in a trajectory of development involving
interactions between himself and surrounding environment. Most resilience researchers have
accepted this position and conducted their research under the ecologic theory (Bronfenbren-
ner, 1979) and transactional model framework (Sameroff & Chandler, 1975) as a result. Also,
the process of resilience development seems to be domain specific. An individual can have
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positive adaptations in some areas of development, but maladjustments in others (Luthar, Ci-
cchetti & Becker, 2000; Masten, 2001). Although various studies have pointed to a common
process that helped individuals under different degrees of risks achieve positive adaptations
in different areas of their lives, these studies also found evidence that there were distinguished
processes that protected individuals from maladaptations in different areas, at specific devel-
opmental stages, and under different contexts (Howard, Dryden & Johnson, 1999; Luthar,
Cicchetti & Becker, 2000; Luthar, 2006). As a result, it is appropriate to define resilience
as a developmental process that can bring about positive life adaptations instead of a fixed
personal characteristic. Instead of blaming victims who fail to overcome their life adversities
and conclude their maladaptation is due to their own “deficiency”, resilience research looks
for solutions to help these at-risk individuals gain healthy developmental momentum (Luthar
& Zelazo, 2003).
Early childhood is one of the most important developmental stages in a person’s life.
Research has shown that a healthy early childhood development not only has immediate and
short-term positive effect on one’s later development, but may also be responsible for positive
long-term life outcomes (Karoly et al., 1998; Karoly, Kilburn & Cannon, 2005). During an
individual’s early years, development takes place intensively, and he faces important devel-
opmental tasks, the fulfillment of which have significant meanings to his future. Moreover,
his physiological, cognitive, social, emotional capabilities just start to emerge and are far
from maturity. He needs more support from outside environment than any other stages in his
life-span development (Masten & Gewirtz, 2006).
However, as mentioned previously, hundreds of thousands of young children are under
various life stressors that threaten their developmental potentials. In 2007, More than 10 mil-
lion young children were under one or more development-threatening risk factors and about
2.5 million under the threat of three or more risk factors (National Center for Children in
Poverty, 2009). For example, 10.4% of children were given birth by mothers under 20 (Cen-
ters for Disease Control, 2006) in 2006. The resulted caregivers’ lack of time, knowledge,
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and financial resources to support these children’s development put their futures in great un-
certainty. The overly heavy responsibility also put young mother’s further development into
jeopardy (Borkowski, Whitman & Farris, 2007; Noria, Weed & Keogh, 2007). Maltreatment
is also proven to be very harmful to young children’s development (Cicchetti & Rogosch,
1997; Masten, 2001; Masten & Wright, 1998). In 2007, 794,000 children were estimated to
suffer from child neglect, emotional abuse, sexual abuse, and physical abuse (U.S. Depart-
ment of Health and Human Services, 2009). These are just two of many serious difficulties a
lot of young children face in today’s society. What is more, scholars have found that adver-
sities are likely to cluster together (Masten & Coatsworth, 1998; Sameroff, Gutman & Peck,
2003). In other words, a child who experience a certain life challenge is likely to face several
other stressors simultaneously. For example, a child from a single teenager-parent family is
likely to live under great life pressure, receive sub-par early childhood education, have few
positive role models, and be neglected by his mother because she spends most of her wak-
ing hours struggling to have her family’s ends meet and does not have the time or energy to
establish a positive relationship with her offspring.
Most resilience researchers study the development phenomenon of resilience in an
ecological context of children’s self characteristics, family support, school education, and so-
ciety influence (Luthar, Cicchetti & Becker, 2000; Luhar & Cicchetti, 2001; Schoon, 2006).
Currently, there are two main research approaches when studying resilience. First, numerous
studies focused on a group of at-risk children and divided them into two groups, one that
demonstrated life competence based on various later outcomes, the other that did not. Re-
searchers then compared the two groups to study what factors might lead to different develop-
mental trajectories in them (Luthar & Zelazo, 2003; Masten, 1994; Werner, 2005; Werner &
Smith, 1982, 1992). For example, in the famous resilience research project, the Kauai Study
conducted by Werner and her colleagues, researchers identified a group of participants who
were under high life risks at enrollment. They were followed up multiple years and separated
into two groups by developmental outcomes measured at age ten and eighteen: a group that
21
demonstrated positive adaptations and the other that demonstrated maladaptations. The de-
velopment of personal characteristics and changes in life circumstances of these two group of
at-risk children were then studied. Researchers found that the group that showed resilience
had more parenting resources, easier temperament in infancy, higher cognitive ability when
growing older, and more positive self-efficacy than the other group. The second study ap-
proach in resilience research is to build upon the conclusions of resilience research of first
kind. Many researchers and practitioners identified various protective factors from existing
literature that were known to be beneficial to positive adaptations when facing challenges,
examined the developmental trajectories of these factors, and most importantly, explored
whether specially designed intervention programs could promote the development of these
protective factors which in turn were likely to result in positive life outcomes (Burchinal
et al., 2006b; Reynolds & Ou, 2003; Schellenbach et al., 2005; Seitz & Apfel, 2005).
Children’s self characteristics
Lengua (2002) investigated the relationship between emotions, self regulation and
maladjustment problems in children aged from 8 to 12. They found that while negative
emotions would enlarge the negative influence of life stressors on study participants’s adap-
tation, good self-regulation ability could mitigate the effect of adversities. Criss and his
colleagues (2002) examined the association between peer relationships and externalized be-
havioral problems in a group of early elementary school students. Their research showed that
peer acceptance and a healthy friendship had significantly larger positive impact on reducing
behavioral problems for young children who suffered from severe family adversities than
those who did not. In Masten and colleagues’ study (1995) on developmental paths of key
competence domains from childhood to late adolescent years, researchers relied on structural
equation modeling (SEM) to study data collected from a convenient sample. They first used
factor analysis to summarize study participants’ development information collected via vari-
ous assessment tools at two time points, one between 8 and 12 years old, the other between
17 and 23. Three latent factors in childhood, academic competence, behavioral conduct, and
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social skills, and five factors in late adolescence, academic competence, behavioral conduct,
social skills, job competence, and romantic relationship were resulted. Next, the effect of
earlier latent factors on the later ones and covariances among them were modeled. The re-
sults of this study provided support that there might be distinct pathways for development
of competence in different domains. Results showed that there was development continu-
ity in academic competence, conduct, and social skills. Also, early conduct problems could
significantly undermine later academic and job performance.
Environment
In Van Bakel and Riksen-Walraven’s study (2002), researchers examined the relation-
ships between child characteristics, parent characteristics, support received from parents and
the outcome of child-parent relationship. They found that parents’ education level, their self-
perceived efficacy, and outside support received by parents have positive associations with
desirable child-parent relationships. In another study, Wyman et al. (1999) probed the ef-
fect caregivers could impose on their children’s development in resilience. The scientists
found that authoritative discipline at home, caregivers’ good mental health, and caregivers’
positive childhood experience could significantly predict whether their children demonstrated
resilience in their early childhood development. After analyzing the data from National Child
Development Study (NCDS) and British Cohort Study (BCS70), Schoon and Parsons (2002)
found that a high level of mother education, active father involvement in caregiving, family
stability, and enrollment in early childhood care were significant predictors of competence
in academic achievement and behavioral adjustment for children exposed to SES risks at
age five and seven. Also, teenage parent and large number of siblings had negative effect
on the child outcomes. Edwards, Eiden, and Leonard (2006) studied the protective effect of
the quality of child-mother attachment at age one on development of behavior problems in
children whose fathers were alcoholic. The researchers found that children who were under
the risk of alcoholic fathers but formed a secure early attachment with mothers constantly
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demonstrated fewer behavior problems than those with alcoholic fathers and insecure child-
mother attachment. In another study, Van Bakel and Riksen-Walraven (2002) discovered that
secure parent-child attachment at a very early age was associated with children’s positive
mental development and could protect children from being negatively influenced by various
risks. The developmental trajectory of behavior problems of the first group was comparable
with that of a control group of children with non-alcoholic fathers and secure child-mother
attachment. Miliotis, Sesma, and Masten (1999) investigated the effect of parenting as a
protective process on a group of homeless young children’s academic success. They had
participating parents fill out a questionnaire about their daily parenting and conduct a factor
analysis on the collected data. Three latent parenting factors were found: parent-child close-
ness, parents’ involvement in their children’s education, and firm, consistent discipline. The
three factors were used as covariates in later analysis. As children passed middle childhood,
they spent increasing proportions of their time alone with peers who might have very impor-
tant influences on their behaviors. Research showed that being unable to resist peer pressure
was usually associated with involvements in highly risky behaviors which caused serious
damages and distractions on their lives (Farrell & White, 1998; Sullivan, 2006; Zimmerman,
2005). Hence, children’s strong ability to withstand pressure from peers and refrain from
behaving in anti-social ways was an important protective factor for healthy development.
In this work, I will follow the second study approach in resilience research and focus
on development of several children’s self-characteristics contributing to positive adaptations.
I will treat them as outcomes of interest and study the effects of higher-quality early ed-
ucation on the development of these characteristics. The environment components that are
helpful in supporting development will be used as covariates or auxiliary variables in multiple




Study Design and Samples
The data used in this study are from the Study of Early Child Care and Youth Develop-
ment (SECC) initialized by the National Institute of Child Health and Human Development
(NICHD) (2000; 2006b). Started in 1989, SECC is a multi-site prospective, longitudinal in-
vestigation of possible effects of early childhood care on the development of its participating
children between age 0 and 15. Researchers recruited mothers who just gave birth to their
babies in 10 geographic locations throughout year 1991: Little Rock, Arkansas; Irvine, Cali-
fornia; Lawrence, Kansas; Boston, Massachusetts; Philadelphia, Pennsylvania; Pittsburgh,
Pennsylvania; Charlottesville, Virginia; Morganton, North Carolina; Seattle, Washington
and Madison, Wisconsin. At each site, approximately 120 infants and their parents were
randomly sampled from a corresponding sampling frame to participate in this longitudinal
investigation so that a minimum of 1,200 families would be enrolled in the study to ensure a
final effective sample of at least 1,000 families. The total sampling frame was 8,986 mothers
giving birth during selected sampling time windows. 5,265 remained in the frame after ap-
plying a set of exclusion criteria: (1) families who anticipated moving out of the geographic
areas covered by the study in the next 3 years; (2) infants of multiple births, with obvious
developmental disabilities, or staying in hospital more than a week after birth; (3) mothers
younger than 18 years of age when giving birth; (4) mothers with a number of medical prob-
lems or who placed their children for adoption; (5) mothers not fluent in English; (6) mothers
who lived more than one hour of driving from laboratory sites; (7) mothers who lived in
neighborhoods deemed to be unsafe to visit by local police. A conditional random sample
of 1,364 families was finally recruited over a period of 10 months. The sample had the fol-
lowing characteristics: numbers of enrolled families were approximately evenly distributed
across 10 study sites; 25% of the enrolled families were minorities; half of the mothers in
the sample planned to go back to full-time jobs in their children’s first year of life, and 25%
planned part-time and no employment respectively; one-tenth of mothers did not have high
school education when recruited; and 14% of them were single mothers. The sample was
not designed to represent the relevant population at a national level. However, researchers
compared the census data and SECC data and found that the sample was comparable to the
national sample in the census data on a number of key demographic variables (NICHD Early
Child Care Research Network, 2000).
The data collection was conducted in four phases in terms of participating children’s
ages: Phase I, 0-36 months; Phase II, 54 months-age 6 (grade 1); Phase III, age 8-11 (grade
3-6); Phase IV, age 14-15 (grade 10). Beginning at the time of enrollment, families were
scheduled for extensive periodic data collections. Over the time of participation, the children
and their families were visited and observed at home, in child care centers and schools, and
in laboratory playrooms for a number of times. During the course of the study, a total of 287
families dropped out of the study: 261 dropped out by Phase II and 26 more dropped out
during Phase III. Researchers collected background information and conducted assessments
on the children, their parents, the social and physical characteristics of their homes, the child-
care environments, and the elementary schools in the first three phases. A wide range of
adolescent outcomes and contextual features were assessed in one laboratory visit and one
home interview at age 15 in the last phase.
Measures
Participating families’s demographic data, maternal characteristics (e.g., psychologi-
cal state, cognitive ability, parenting style, etc.), and home/neighborhood environment are
used as auxiliary variables and covariates in multiple imputation (MI), propensity score
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matching (PSM) and final analytic models. In these classes of variables, child gender, mi-
nority status, baseline intelligence, neighborhood environment, and maternal sensitivity
as an indicator of a mother’s early parenting skills are used as covariates in my analytic
models. PreK and early elementary education quality variables are transformed into dichoto-
mous variables that indicate whether study children received higher-quality preK and higher-
quality preK - 3rd education. These are the main treatment variables of interest in this work.
Another important covariate in the current study is study participants’ at-risk status. This
variable is operationalized by eight risk factors, which is discussed in details later. Finally,
outcomes used in analytic models include measures of children’s cognitive, academic, be-
havioral, and resilience development.
Demographic data
Most demographic data on participating children and their families used in this study
were initially collected at a home visit when their children were one month old and updated
at each follow-up visit if information had changed. Researchers collected a wide range of
background information. I incorporate the following baseline demographic variables in my
analysis: child gender, minority status, baseline intelligence, baseline playmate rela-
tionships, mother’s age, years of education, marital status, employment status, health
status during pregnancy, health status, paid leave status, public assistance status, child
delivery type, hours away from their children, household size, and family economic
well-being.
The Mental Development Index (MDI) in the Bayley Scale of Infant Development
(Bayley, 1991) was used to assess study children’s sensory perception, memory, learning, and
problem-solving, verbal communication, and the ability to form generalizations and classifi-
cations at month 24. I use the total scale score as a measurement of study children’s baseline
intelligence. At Month 54, parents were asked to rate quality of interaction between their
children and playmates, including interactional harmony, equality during interaction, and
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conflict (Clark & Ladd, 2000). Researchers assumed that interactions between study chil-
dren and their playmates reflected their early peer relationships to some extent. Two scores
are summarized from the questionnaire: positive relationship score (Cronbach’s α = .81) and
negative relationship score (Cronbach’s α = .82). An average score of the two subscales (the
negative relationship score is reversed) is used in this study to indicate study participants’
baseline peer relationships with higher values meaning better early peer relationships. I
use income-to-needs ration (INR) as a measurement of economic well-being for children
and their families. This statistic is established by U.S. Census Bureau and calculated by
dividing total family income by the poverty threshold at a specific year for an appropriate
family size (Dearing, McCartney & Taylor, 2001; U.S. Bureau of the Census, 1999). INR of
1.0 indicates the poverty level (Burkhauser & Sabia, 2007); 2.0 is usually considered as the
threshold to distinguish low-income and middle-class or above families (Ackerman, Brown
& Izard, 2004; Miller & Davis, 1997). A mother’s marital, employment, paid leave, public
assistance, health status during pregnancy, health status, and Child delivery type are
dichotomous variables that indicate whether she had a life partner, was employed, had paid
leave after she gave birth to her child, received public assistance, had health problems when
pregnant, was healthy after child birth, and a mother experienced a natural child birth or not
respectively. I use numbers of hours mothers spent at work and at school per week as approx-
imations of the amount of time they were away from their children at the baseline. I include
this variable in the study because studies have shown that parents’ physical absence was
associated with child distress and poor school performance (Luthar & Latendresse, 2005).
Maternal age, mother’s approximate years of education, INR, hours away from child,
and household size are continuous variables.
Maternal characteristics
Maternal sensitivity and responsiveness. Mother-child interaction was observed dur-
ing a 15-minute semistructural play session at month 6 (Dallaire & Weinraub, 2005). A
mother was asked to engage in free play activities with her infant for the first half of the
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session, and then play with her child using a standard set of toys for the second half. The
whole process was recorded and researchers evaluated the mother-child interaction using a
four-point interaction quality rating scale. A composite score that reflected mother’s respon-
siveness to nondistress, positive regard to her child, and intrusiveness was calculated. The
higher a composite sensitivity score was, the more sensitive and responsive a mother was
to her child. The inter-rater reliability of the score was .85, and the empirical Cronbach’s α
was .75 suggesting a reasonably high degree of internal consistency among individual item
scores (NICHD Early Child Care Research Network, 1999b).
Maternal locus of control. At month 1, mothers were asked to complete a 20-item
questionnaire revised from the Parental Locus of Control Scale (Campis, Lyman & Prentice-
Dunn, 1986). The questionnaire aimed to evaluate mothers’ self-perceived effectiveness of
parenting. All the questions could be categorized into the following three topics: 1) how
much influence did she have on her child’s behavior, 2) how important did she think par-
enting was to raise her child appropriately, 3) to what extent did her child control her life.
A total score was calculated by summing all 20 item scores together. Due to the way most
questions were phrased, higher scores indicated lower parental locus of control abilities.
The Cronbach’s α for this measure was .61.
Maternal depression. Mothers filled out the Center for Epidemiologic Studies De-
pression Scale (Radloff, 1977) at month 1. Using the assessment tool, they reported their
depressed feelings, positive feelings, their engagement in somatic, retarded activities, and
unfriendly interpersonal encounters. With appropriate items reversed, a total score was calcu-
lated with higher values indicating higher levels of (maternal depression). The Cronbach’s
α of the total was .88.
Attitude towards employment. Mothers completed the Beliefs About the Consequences
of Maternal Employment for Children Questionnaire (Greenberger et al., 1988) at month 1
providing measures of their beliefs about the potential benefits and costs of maternal employ-
ment to the rearing of their children. A high benefit subscale score indicated high perceived
benefits of maternal employment to children by mothers; a high cost score indicated high
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perceived negative influence of maternal employment to children. The two subscale scores
were combined to compute total (maternal employment cost) scores for analysis purpose
with higher values meaning higher perceived costs (benefit scores are reversed). Also, moth-
ers were asked to fill out a shortened version of the Work Commitment Scale (Greenberger
& Goldberg, 1989) that also measured their attitude towards work. All eight items aimed to
evaluate the centrality of work to them and how important work was comparing with other
activities in their lives. A total score is used in the current study with high values indicating
that a respondent had high work commitment. The Cronbach’s α was .75.
Social support. The 11-item Relationships with Others questionnaire (Marshall &
Barnett, 1993) was administered to mothers at month 1. The questionnaire was designed to
evaluate the degrees to which a mother’s social relationships with acquaintances, including
family members and friends, served healthy functions conceptualized by Weiss (1974). In
his theory, healthy interpersonal relationships should serve the following positive functions:
1) people in social relationships share concerns , 2) share intimacies, 3) get nurturance if
needed, 4) assure what they do are worthwhile, and 5) provide guidance for each other. A
social support score was calculated by taking the average of the 11 item scores with higher
values indicating stronger social support received. The Cronbach’s α of the measure was .91.
Parenting style. Mothers completed the Parental Modernity Scale (Schaefer & Edger-
ton, 1985) at month 1. The instrument was designed to measure their beliefs in traditional
authoritarian and progressive democratic parenting styles. Traditional beliefs subscale scores
are used to measure the extent to which mothers believed in the authoritarian parenting
style with a Cronbach’s α statistic of .91. High scores indicated strong maternal beliefs in
authoritarian parenting. Progressive belief subscale scores are used to measure the degree to
which mothers believed in the democratic parenting style with a Cronbach’s α statistic of
.6.
Parenting stress. The 30-item Parenting Stress Index (Abidin, 1983) was administered
to mothers at month 1 to measure their levels of stress specifically originated from being
parents and daily interactions with their children. A total score was calculated to reflect
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mothers’ perception of their competence levels as parents, investment in the role of parents,
and restrictions of their lives due to the responsibility of parenting (Loyd & Abidin, 1985;
Miller, Sable & Beckmeyer, 2009). High values indicated high levels of stress associated
with being a parent by mothers (Cronbach’s α = .85).
Maternal intelligence. Mothers took the Peabody Picture Vocabulary Test - Revised
(PPVT-R) (Dunn & Dunn, 1981) at month 36 to assess their verbal intelligence. Examiners
administered the test by speaking a word and asking mothers to choose one picture that
correctly reflected the meaning of the spoken word. Mothers’ PPVT-R standard scores are
used in the analysis.
Maternal separation anxiety. The Maternal Separation Anxiety Scale (Hock, McBride
& Gnezda, 1989) was administered to measure maternal separation anxiety at month 1, 6,
15, and 24. The scale measured mothers’ levels of worry, sadness, guilt when separated
from their infants, and their beliefs about the importance of exclusive maternal care and their
children’s abilities to adapt to nonmaternal care (DeMeis, Hock & McBride, 1986). The
higher a score was, the more anxious a mother felt when being away from her young child.
Research showed that mothers with lower separation anxiety were more willing to send
their children to nonmaternal care service. The Cronbach’s α’s were .92, .93, .93, and .94
respectively.
Maternal personality. Mothers’ personalities are associated with their children’s de-
velopment (Sameroff, Gutman & Peck, 2003; Wyman et al., 1999). Researchers administered
the NEO Personality Inventory (Costa & McCrae, 1985) to study mothers at Month 6. Three
subscale scores that evaluated mothers’ extraversion, agreeableness, and neuroticism are
used in this study. The higher the three subscale scores were, the more extraversive, agree-
able, and neurotic a mother was. The Cronbach’s α’s for the three scores were .75, .74, and
.84 respectively.
Parental expectation. Researchers assessed parental expectations for children to
demonstrate mature behavior using a self-report 7-point Likert scale measure at month 54
(Greenberger & Goldberg, 1989). Parents were asked to respond to questions regarding their
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expectations of independence, self-control, and prosocial behaviors from their children. To-
tal scores are used in the analyses with higher scores indicating higher parents’ demands that
their children demonstrated mature behaviors (Cronbach’s α = .89).
Environment
Home environment. A stimulant and supportive home environment promotes healthy
child development in various aspects (Caldwell & Bradley, 1984). The Home Observation
for Measurement of the Environment Inventory (HOME) measured stimulations and support
available to study children in their home environments at month 6. Using the HOME, re-
searchers evaluated eight aspects of study children’s home environments: 1) learning materi-
als, 2) language stimulation, 3) physical environment, 4) parental responsiveness, 5) learning
stimulation, 6) modeling of social maturity, 7) variety in experience, and 8) acceptance of
child. Summary scores aggregating the eight subscale scores are used in this study with high
scores meaning more stimulant and supportive home environments (Cronbach’s α = .76).
Negative life events. At month 54, the Life Experiences Survey (LES) (Sarason, John-
son & Siegel, 1978) asked mothers to identify what had happened to them over the past year
from a list of life events. For each event that was identified as occurring over the past year,
they were asked to indicate the impact the event had on their lives using a 7-point scale. This
measure provided an overview of the stressful events that study children’s families experi-
enced and might have an impact on the children’s well-beings. Two scores were reported:
the number of negative life events experienced and the sum of the ratings of negative events
in the past year. The number of negative events experienced during the past year is used as
one of the eight risk factors that define at-risk status in this study.
Neighborhood environment. The effect of neighborhood environment on children’s
cognitive, social, and behavioral development are documented in many study reports (Brooks-
Gunn et al., 1993; Klebanov, Brooks-Gunn & Duncan, 1994; Leventhal & Brooks-Gunn,
2000). Transactions between children and their neighborhood environments influenced
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them directly and indirectly through impacts on their families. The Neighborhood Ques-
tionnaire (Greenberg et al., 1999) measured parents’ perceptions of neighborhood resources,
cohesion, support, and safety at grade 1. Mothers reported two subscale scores: neigh-
borhood safety scores (Cronbach’s α = .74) and neighborhood social involvement scores
(Cronbach’s α = .71). Overall neighborhood environment scores (Neighborhood) averaging
the two subscale scores, are used as a covariate in the analyses.
Risk factors
One of my substantial research questions asks whether higher-quality early education
experience has differential effects on at-risk children and not-at-risk ones. Hence, I decide to
create a variable that indicate whether a study child was at risk at the baseline. Researchers
have had a long history of working with the construct of being at-risk. A common strategy to
operationalize the construct is to create a number of variables each of which corresponds with
a specific risk factor for analysis purpose (Luthar, 2006; Masten & Reed, 2005). Following
this path, researchers have opportunities to study various factors’ unique impacts on develop-
mental outcomes. Another approach to operationalize the at-risk construct is to view at-risk
population as a result of accumulations of genetic and environmental hardships (Sameroff,
Gutman & Peck, 2003). With this perspective, researchers can use one single variable that
reflects the amount of risk factors their study participants face. The second approach fits my
research purpose here in that I look for an appropriate method to identify at-risk children in
my sample and it is intuitive and reasonable to make this identification based on how many
risk factors study participants faced. Based on risk factors summarized in several works on
the cumulative risk model by various groups of researchers (Burchinal et al., 2000; Hooper
et al., 1998; Sameroff, Gutman & Peck, 2003; Sameroff & Seifer, 1983), I derive eight di-
chotomous variables: 1) whether a mother had a low IQ score, 2) whether a mother had less
than a high school education, 3) whether a mother’s parenting style was authoritarian, 4)
whether a child’s father was absent, 5) whether a child’s family had a low household income,
6) whether a child’s family size was large, 7) whether a child’s family experienced multiple
33
stressful life events during previous year, and 8) whether a child’s home environment is of
low quality.
The risk of low mother’s verbal intelligence is defined by PPVT-R standard score at
least one standard deviation below the mean (i.e., smaller than or equal to 85). If a mother had
less than 12 years of education, she is considered to have less than a high school education.
The risk of authoritarian parenting is defined to be present if a mother had a traditional
beliefs score of 75 and above (one empirical standard deviation (15) above the sample mean
(60)). A study participant is defined to not live with a paternal role model if his mother’s
marital status was negative. A low family income is defined by a household income below
the poverty line. A large family size is defined as a household size of four or more non-
parent members (Hooper et al., 1998). If the numbers of negative life events experienced by
study children’s families were in the top 70 percentile, they are considered to have multiple
stressful life events. Households with home environments scores in the lowest sample tercile
are considered to have low-quality home environment. Next I sum these indicator variables
to create a risk index score ranging from 0 to 8. I rely on this risk index to categorize study
children into at-risk (three and plus) and not-at-risk (lower than three) groups in later analysis.
Quality of early childhood education
Model child-care programs have proven that higher-quality intensive early childhood
education has a significant positive effect on young children’s later development, especially
those from disadvantaged backgrounds (Campbell & Ramey, 1994; Weikart et al., 1978). Un-
like many existing studies that define higher-quality education factor based on acknowledge-
ment of teacher and school credentials and characteristics (e.g., teachers’ education, years
of working experience, etc.) (Early & Winton, 2001; Epstein, 1993; Saracho & Spodek,
2007; Whitebook, 2003), I define quality of education SECC study children received based
on observations of their actual educational experience in classrooms. I consider this as an
important improvement over many previous studies that tried to study higher-quality early
education’s effect because researchers have noticed that higher teacher and school credentials
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do not usually translate into better classroom dynamics and instructional support that engage
students and promote their learning more (Early et al., 2006; Pianta et al., 2007, 2005) and
thus might not accurately reflected the quality of education children received. To answer my
research questions, I operationalize raw education quality data into dichotomous variables
that indicate whether study children received higher-quality preK and preK - 3rd education
respectively. I then use the dichotomous variables to identify treatment and control groups
and estimate effects of two types of higher-quality early education on children.
preK education quality. At month 54, researchers observed children in their preK
classrooms for two 44-minute cycles, and recorded their behaviors and qualities of their
classrooms using Observational Ratings of the Caregiving Environment (ORCE) (Clarke-
Stewart et al., 2002). The behavior subscale focused on teacher-child interactions during
classes, including the caretaker’s sensitivity, intrusiveness, detachment, and stimulation of
cognitive development (NICHD Early Child Care Research Network, 2000). The quality
subscale evaluated qualities of care in the preK settings, including organization of classroom
activities, teacher’s classroom management, and emotional climate in classrooms. Composite
scores were computed by summing eight item scores across different domains (Cronbach’s
α = .83). Since I am interested in studying effects of higher-quality preK and extended preK
- 3rd education on children’s development, I am interested in creating a dichotomous vari-
able that indicates whether a child received higher-quality preK education. I use Dearing et
al.’s (2009) operational definition that children who spent more than 10 hours in preschools
per week and had ORCE composite scores above the sample median are considered to re-
ceive higher quality preK education. The inter-rater reliability of the measure was .96
when comparing the rating results from two raters and .86 when the final rating scores were
compared with the gold standard (Belsky et al., 2007). Children whose scores were below
the median or spent less than 10 hours per week in preK classrooms are considered as not
receiving higher-quality preK education.
Early elementary education quality. According to Pianta (2008), both effective in-
structions and emotionally-supportive environment in elementary classrooms are beneficial
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in promoting children’s development and achievement progress. Researchers found that an
integration of the two aspects was usually observed in daily activities of high-quality class-
rooms (Hamre & Pianta, 2005; Pianta & Allen, 2008). Also, a number of studies found
strong evidence that the two positive aspects of educational experiences in early elementary
education predicted children’s positive development (Pianta et al., 2002a; Rimm-Kaufman
et al., 2005) and were effective in closing achievement gaps between at-risk children and
their more advantaged peers (Hamre & Pianta, 2005).
In SECC, researchers used First and Third Grade Classroom Observation System
(COS-1, COS-3) (Pianta et al., 2007) to assess the quality of education participating children
received in grade 1 and 3. The COS described study children’s actual education experiences
in their elementary classrooms. The instrument obtained information in the school context at
the level of the individual study child (e.g., child-teacher interactions) and at the level of the
classroom (e.g., classroom emotional climate, classroom management). It also collected in-
formation on child behaviors in the achievement/cognition domain (e.g., engagement in aca-
demic tasks) and the social/emotional domain (e.g., peer aggression, and compliance with
authority) (Pianta et al., 2002b; Stuhlman & Pianta, 2009). Unfortunately, out of the four
grades between kindergarten and grade 3, researchers only administered the education qual-
ity assessment in grade 1 and 3. As a result, I use the two education quality measurements to
approximate the quality of kindergarten-Grade 3 education assuming that the education ex-
periences of the unobserved kindergarten and grade 2 for study participants were consistent
with their experiences in grade 1 and 3.
The COS is a multi-level observational system that records child and teacher behav-
iors in classrooms. During each 10-minute observational cycle, researchers made observa-
tions based on a 30-seconds on, 30-seconds off time schedule. Additionally, researchers
administered a set of global 7-point scales for assessing qualities of the classroom environ-
ment. There were four subscales: Activity, Content, Teacher Behavior, and Child Behav-
ior. In grade 1, two factor-based composite scores were reported: emotional support and
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instructional support. The emotional support score included seven aspects: teacher sensi-
tivity, intrusiveness, overcontrol, detachment, classroom chaos, positive emotional climate,
and negative emotional climate (Cronbach’s α = .89; the inter-rater reliability was .93 when
comparing between two raters and .83 when comparing with the gold standard); the instruc-
tional support included four aspects: literacy instruction, evaluative feedback, instructional
conversation, and child responsibility (Cronbach’s α = .7; the inter-rater reliability was .83
when comparing between two raters and .76 when comparing with the gold standard). In
Grade 3, the emotional support score included six aspects: teacher sensitivity, overcontrol,
detachment, classroom chaos, positive emotional climate, and negative emotional climate;
the instructional support included two aspects: richness of instructional methods and pro-
ductive use of instructional time (Pianta et al., 2008). I create total scores of elementary
education quality at both grades by summing the two composite scores with higher values
indicating higher qualities of corresponding aspects (relevant scale scores were reversed).
Study children with total scores above the sample median are considered to have higher-
quality education at corresponding grades. Based on the described operational definition of
education quality variable, there are very few children whose education experiences were of
higher quality for all three measurements (preK, grade 1, and grade 3). In order to not base
relevant effect estimation on a very small sample, I decide to relax my identification criterion
for higher-quality preK - 3rd education to children who received at least two episodes of
higher-quality education out of all three measurements.
Outcomes
In this work, study children’s cognitive, academic, behavioral, and resilience develop-
mental trajectories and outcomes will be examined and more importantly, potential effects
of higher-quality preK and preK - 3rd education on different aspects of development will be
studied in details.
Cognitive development. The Woodcock-Johnson Psycho-educational Battery - Revised
(WJ-R) is a widely-used and comprehensive instrument to assess children’s cognitive aptitude
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and academic achievement (Burchinal et al., 2006a). The WJ-R is composed of two major
parts: the Tests of Cognitive Ability (WJ-R COG) and the Tests of Achievement (WJ-R ACH)
(Woodcock, 1990). At month 54, grade 1, 3, 5, and 10, the sub-test of Picture Vocabulary in
the WJ-R COG was administered to study children. The test required participants to have the
ability to recognize objects in presented pictures and name them verbally. It measured the
children’s crystallized intelligence, the ability to apply learned skills and knowledge (Cat-
tell, 1971). The W ability scores (WJR-PV) (Mather & Jaffe, 2002; Pianta et al., 2008) are
used as a measurement of cognitive development for analyses purpose in this work (Cron-
bach’s α’s ranged between .72 and .88 for the measure at different time points). WJR-PV
scores were equal-interval scale scores that accounted for difficulties of the tasks and perfor-
mance levels of children of different age groups (Jaffe, 2009). As a result, the scores could be
used to reflect study participants’ actual growth in development of crystallized intelligence.
Academic development. The subscale test Letter-Word Identification in WJ-R ACH
was administered to study participants at grade 5 to evaluate their word and letter identifi-
cation and spelling skills (Woodcock, 1990) as a reflection of their reading skills. In this
task, children were asked to recognize the correct meanings of a number of testing words,
and particular letters and words from full pages of texts. The W ability scores (WJR-LW)
are used as the first measurement of children’s academic skills (Cronbach’s α = .88).
Teachers rated study children’s skills, knowledge, and behaviors using Academic Rat-
ing Scale (ARS) (Xue & Meisels, 2004) throughout elementary school years. The ARS con-
sists of two sections: 1) Language and literacy (LL), and 2) mathematical thinking (MT). The
LL assessed children’s listening, speaking, reading, and writing capabilities; the MT assessed
children’s ability to perceive, understand, and utilize skills in solving mathematical prob-
lems. The LL academic ratings (ARS-LL) and overall academic ratings (ARS-Overall),
average of literacy and mathematics scores, are used in this work with higher scores indicat-
ing better academic skills perceived by teachers. The ranges of Cronbach’s α’s for the two
scores at various time points were (.94, .96) and (.95, .98) respectively.
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Grade retention and special education service referral are important academic out-
comes for children and of great interest to education practitioners and policy makers. Many
previous studies examined the effect of ECE programs on reducing grade retentions and spe-
cial service referrals (Barnett et al., 1988; Berrueta-Clement et al., 1984; Campbell & Ramey,
1994; Copple, Cline & Smith, 1987; Reynolds et al., 2001). In SECC, researchers collected
school administration data including whether study children would be retained at the current
grade or referred to special education service next year through all elementary school years
and age 15. I use both outcomes as additional indicators of participating children’s academic
development. Unlike the previous three academic outcomes, grade retention and service re-
ferral were not based on a universal scoring scale across different academic years. Individual
schools and teachers made their decisions according to their overall assessments of whether
study participants’ progress reached certain standards at corresponding grade levels.
Behavioral development. Mothers of study children were administered Child Behavior
Checklist (Achenbach, 1991) to report presence and seriousness of their children’s problem-
atic behaviors from month 24 to age 15. All behaviors were categorized into the following
eight domains: withdrawn behavior, somatic complaints, anxiety/depression, social prob-
lems, thought problems, attention problems, delinquent behavior, and aggressive behavior.
Scores for each area (syndrome scales) were calculated. Two summary scores are used in
analyses. Externalizing standardized T scores (BEX) were based on delinquent and ag-
gressive behavior syndrome scales, and internalizing standardized T scores (BIN) were
based on the withdrawn behavior, somatic complaints, and anxiety/depression syndrome
scales.
Teachers filled out the Disruptive Behavior Disorders Rating Scale (Pelham et al.,
1992) to report participating children’s at-school disruptive behavior in grade 3-6. The 4-
point Likert scale instrument was designed based on the Diagnostic and Statistical Manual
of Mental Disorders, Fourth Edition (American Psychiatric Association, 1994) and included
items that reflected behavioral symptoms of hyperactive impulsivity, inattentiveness, and op-
positional defiant disorder. Disruptive behavior disorder scores (DBD) were calculated by
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summing all the item scores with higher scores indicating more hyperactive-impulsive, inat-
tentive, and oppositional defiant behaviors at school (Cronbach’s α = .96 for all measures at
four time points).
Researchers used a short version of Children’s Depression Inventory (Kovacs, 1992)
to assess children’s depression symptoms at grade 5, 6, and 10. The inventory included items
that implied problems of dysphoric mood, lack of pleasure, and low self-esteem. Child
depression scores (Depression), sums of all 10 item scores, are used for later analyses with
higher scores indicating higher levels of depression (Cronbach’s α’s ranged between .73 and
.81).
Resilience development. In this study, I focus on the development of several child
attributes that are found to be resilience-factors in existing literature: child-teacher rela-
tionships (Becker & Luthar, 2002; Hamre & Pianta, 2001; Walsh & Pianta, 1998), peer
relationships (Bollmer et al., 2005; Smokowski, Reynolds & Bezruczko, 1999), resistance
to peer pressure (Smith & Carlson, 1997), sustained attention (Feder, Nestler & Charney,
2009; Schultz et al., 2001), impulse control (Eisenberg et al., 2004; Luthar & Cicchetti, 2001;
Luthar et al., 2001), avoidance of risk taking behaviors (Luthar, Cicchetti & Becker, 2000;
Mitchell et al., 2007; Rutter, 1987), and psychological maturity (Bell, 2001; Gralinski-Bakker
et al., 2004).
At grade 3-6, and grade 10, teachers completed the Student-Teacher Relationship
Scale (Pianta, 2001) designed to evaluate their relationships with study children. The scale
was revised from the Attachment Q-set (Waters & Deane, 1985), and based on previous
study findings regarding teacher-child interactions. Teachers reported two subscale scores:
conflicts with child and closeness with child. Positive relationship with child scores
(TCRelation) were calculated by summing the two subscale scores (conflict with child
scores were reversed). Cronbach’s α’s for this measure ranged between .86 and .89 across
available time points.
Participating children reported the quality of friendship with their best friends via a
5-point Likert scale instrument, Friendship Quality Questionnaire (FQQ) at grade 3-6, and
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grade 10. The FQQ evaluated participating children’s conflict solving ability, and four func-
tional aspects of their friendships: validation and caring, help and guidance, companionship
and recreation, and intimate disclosure. Friendship quality total scores (FriendQ), aver-
age of all subscale scores (Cronbach’s α’s ranged between .87 and .93), are used as the first
measurement of peer relationships in later analyses.
The Loneliness and Social Dissatisfaction Questionnaire for Young Children (LSDQ)
(Cassidy & Asher, 1992) focused on children’s feelings of loneliness, feelings of social ad-
equacy, self-perceived status among peers, and appraisals of their own friendships in school
at grade 1, 3, 5 and 10. Loneliness and social dissatisfaction scores (Lonely) were com-
puted as the means of all item scores with higher scores indicating stronger feelings of social
incompetence (Cronbach’s α’s were between .77 and .91 across different time points).
Teachers were asked to complete a revised version of the Child Behavior Scale (Ladd
& Profilet, 1996) to report study children’s negative interactions with peers in grade 3-
6. Different subscales measured aggressive behavior (average Cronbach’s α = .91 across
four time points), asocial behavior (average Cronbach’s α = .88), lack of prosocial behavior
(average Cronbach’s α = .88), exclusion by peers average Cronbach’s α = .91), victimization
of their peers average Cronbach’s α = .89), and relational aggression average Cronbach’s α
= .86). As a result, item scores used to create all subscale scores had high degrees of internal
consistency. Teachers rated study children’s behavior with peers on 3-point scales. Overall
scores of negative behaviors with peers (NegPeer) were calculated by taking the average of
all subscale scores as another measurement of peer relationships in later analyses.
At grade 10, study children were asked to complete the Resistance to Peer Pressure
Questionnaire (Steinberg & Monahan, 2007; Sumter et al., 2009) to report how well they
did to stand up to peer pressure and behaved based on their own decisions. Resistance to
peer pressure total scores (PeerPress) are used for analyses with higher scores indicating
stronger ability to resist peer pressure (Cronbach’s α = .69).
The Continuous Performance Task (CPT) (Mirsky et al., 1991) was administered to
measure study children’s abilities to sustain attention in grade 4. They were presented
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pictures of familiar objects in a computer-generated task, and asked to press an appropriate
button each time a particular target stimulus appeared. Numbers of times they correctly
pressed correct buttons corresponding with target stimuli (Attention) are used in my analyses
as a measurement of their ability to focus on a task.
Study participants completed the Impulse Control subscale of the Weinberger Adjust-
ment Inventory (WAI) (Weinberger & Schwartz, 1990) at grade 10. Impulse control scores
(Impulse) were computed as the mean of all item scores (Cronbach’s α = .82). Higher scores
indicate stronger impulse control abilities.
Researchers also evaluated study children’s tendencies to stay away from risky behav-
iors. At grade 6, mothers were asked to report their children’s risk-taking behaviors using the
Risky Behavior Questionnaire (RBQ) (Conger & Elder, 1994; Rudasill et al., 2010). Children
were asked to fill out the Things I Do Questionnaire specially designed for use in SECC. Total
risk taking scores rated by mothers (RiskTake-M) and children themselves (RiskTake-C)
were computed as the sum of all items scores in respective questionnaires for later analyses
with higher scores meaning more risk taking behaviors. The Cronbach’s α’s for the two
measures were .71 and .89 respectively.
Children were given the task of Tower of Hanoi task (TOH) (Anzai & Simon, 1979;
Scholnick & Friedman, 1993) to demonstrate their planning/problem-solving skills at grade
1, 3, and 5. TOH required children to think ahead and to develop a workable sequence
of moves that would transform an initial configuration of rings into a goal state, and thus
evaluated their future-oriented planning abilities. Study children were given six tasks that
were progressively more difficult than previous ones and scores on individual tasks were
summed to yield a total planning efficiency score. TOH scores are used as auxiliary variables
in the multiple imputation.
At 10th grade, study children were asked to complete the Psychosocial Maturity Inven-
tory (PMI) (Greenberger et al., 1975). The 4-point Likert scale PMI evaluated participants’
perceived self-control and decision making abilities, levels of self esteem and considerations
42
of life goals, and work ethics. All of the above characteristics are usually observed in ma-
ture and productive members of a society, and have been identified by numerous scholars as
important attributes that help children beat the odds and achieve positive adaptations despite
of various challenges (Luthar, 2006; Masten, 2001; Werner & Smith, 1992). PMI scores
(PsyMature) are computed as the mean of all item scores with higher scores indicating more
psychosocial maturity (Cronbach’s α = .87).
Statistical Procedures
Missing data treatment
Missing data is a commonly seen problem in large-scale longitudinal studies. The is-
sue was not appropriately handled in many previous ECE effect studies (Aughinbaugh, 2001;
Lazar & Darlington, 1982; Lee et al., 1990a). In SECC, not all planned measurements were
taken in the actual data collection due to various reasons. It is important to closely examine
possible data missing mechanisms, reflect nature and implications of such incompleteness in
the analysis, and accommodate the missing data difficulty appropriately in modeling process
to make the best use of available data and reduce potential biases to minimum in parameter
estimates.
In general, there are three possible missing data mechanisms, missing not at random
(MNAR), missing at random (MAR), and missing completely at random (MCAR) (Carpen-
ter, Kenward & White, 2007; Donders et al., 2006; Kenward & Carpenter, 2008; Little &
Rubin, 2002). Available data can always be divided into two parts: partially and fully ob-
served data. I denote the partially observed data by Y = (Y obs,Y mis). Y obs are observed data,
and Y mis unobserved data (missing data). R is used to denote observed missing data pat-
terns, X fully observed data, θ a vector of parameters in an analytic model of interest, and
φ a vector of parameters in a data missing mechanism model. If missing data are MNAR,
the data missing mechanism is considered to be non-ignorable; while MCAR and MAR are
considered ignorable (Little & Rubin, 2002; Rubin, 1976). If missing data are MNAR, R
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depend on values of Y or other unobserved variables, even after conditioning on X . Ignor-
ing this complication will lead to bias in parameter estimates and outcome predictions in
researchers’ analysis because the unobserved study participants may be systematically dif-
ferent in outcomes of interest from observed ones. Conventionally, in order to reach valid
inference, Y and R must be jointly modeled in p(Y obs,Y mis,R,θ ,φ | X) and thus likelihood
function l(θ ,φ | Y obs,R,X) is used for statistical inference after integrating out unobserved
data Y mis (Schafer & Graham, 2002). Under the assumption of MAR, R are independent
of Y conditional on fully observed X . Equation (3.1) holds and statistical inference can be
carried out based on likelihood l(θ | Y obs,X). Under the assumption of MCAR, the data
missing patterns R are independent of data Y marginally and thus Equation (3.2) holds. In
other words, given observed data, the data missing mechanism is independent of missing data
themselves (Carpenter, Kenward & White, 2007). As a result, statistical inference based on
the likelihood function of observed data, l(θ | Y obs) (p(Y obs | θ)) is still valid.
p(Y obs,Y mis,R | θ ,φ ,X) = p(Y obs | θ ,X)× p(Y mis | θ ,X)× p(R | φ ,X) (3.1)
p(Y obs,Y mis,R | θ ,φ) = p(Y obs | θ )× p(Y mis | θ )× p(R | φ) (3.2)
If missing data are MCAR, listwise deletion of observations with missing data and
complete case analysis is a simple and valid analytic approach except for efficiency loss due
to sample size reduction. However, the MCAR assumption is unlikely to hold in practice
(Molnar, Hutton & Fergusson, 2008). Most empirical research is carried out under assump-
tion of either MAR or MNAR. In the majority of substantive research, only the parameters
that model the outcomes in relation to relevant parameters θ are of interest and the parame-
ters φ in data missing mechanism models are usually viewed as nuisance parameters (Yang,
Li & Shoptaw, 2008). Under the assumption of MAR, the data missing mechanism model
can be ignored given observed data and the inference of θ will not be influenced. The MAR
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assumption is reasonable if two conditions hold (Little & Rubin, 2002; Yang, Li & Shoptaw,
2008). First, R is independent of Y mis given Y obs and X . Second, θ and φ are two distinct
vectors of parameters.
There are three general concerns with missing data (Horton & Lipsitz, 2001). First,
the analysis would lose efficiency if observations with missing data are excluded. Second,
there may be complications in actual analysis. For example, model comparisons can be dif-
ficult to carry out if different subsamples are used by different models due to the possibility
that partially complete observations may be used in a model but not in another. Third, the an-
alytic result can be biased if there are systematic difference in outcomes of interest between
observations with and without missing data. Hence, it is very important that researchers the-
orize plausible data missing mechanisms in their studies and adopt appropriate strategies to
handle missing data (Raghunathan et al., 2001). Analysis of only observations with complete
data would be valid only if missing data are MCAR (Raghunathan et al., 2001). Hence, ig-
noring missing data by just using complete-case analysis can produce biased analytic results
(Carrigan et al., 2007).
There are two popular approaches to account for missing data besides simple listwise
deletion. The first is direct likelihood method. The missing data are considered as latent vari-
ables. Researchers can construct the marginal likelihood function of the model by integrating
out missing data in the complete data likelihood and all the statistical inference is based on
the resulted marginal likelihood. In cases of MNAR data, the data missing mechanism is
also modeled as a part of the likelihood function p(Y obs,Y mis,R | θ ,φ ,X). The marginal dis-
tribution of Y obs and R can then by analyzed after integrating out Y mis (Schafer & Graham,
2002). This method can be straightforward to implement when only a few important vari-
ables have missing data (for example, only a response variable has missing data) (Ibrahim,
1990; Ibrahim, Chen & Lipsitz, 2001). However, when the number of variables with miss-
ing data increases, the method gradually becomes inefficient and unnecessarily complicated
(Stubbendick & Ibrahim, 2003, 2006). Also, in many situations, researchers do not know
the exact missing data mechanism. They try to account for non-ignorable missing data in
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their analysis by incorporating an assumed missing mechanism in their models. As a result,
potential mistakes may be introduced by their missing data models. Under this circumstance,
researchers should conduct sensitivity analysis to ensure that the incorporated missing data
model is appropriate.
The second alternative approach of missing data treatment is data imputation. This
approach uses parametric or non-parametric methods to fill values for missing data points.
The most attractive advantage of this approach over the first one is that after imputing values
for missing data, researchers can apply standard analysis techniques as if there are no missing
data. Another advantage of the second approach over the direct likelihood approach is that
auxiliary variables, variables that have prediction abilities of missing data to some degree but
may not appear in final analytic models, can be used to impute missing data. Research shows
that using auxiliary variables in imputing missing data can improve efficiency compare to
only using variables that are used in the final analytic models (Raghunathan & Siscovick,
1996). Multiple imputation (MI) has become a powerful and popular technique to facilitate
statistical analysis of incomplete data after its introduction by Rubin three decades ago (Ken-
ward & Carpenter, 2008; Rubin, 1976, 1996). Most applications of MI in practice assume
data is MAR. A common MI procedure includes three main steps.
• The missing data are filled in m times to generate m complete datasets.
• These datasets are analyzed by standard data analysis procedures.
• The analytic results from m analyses are combined together to produce test statistics for
inference purposes using Equations (3.3) (Rubin, 1987). For example, if researchers
are interested in carrying out statistical inference for ith model parameter θi, the average
of point estimates across m analyses, ¯θi, is first calculated. The estimates of within and
across imputation variance for the point estimator, ¯Wi and Bi, are then computed to
obtain an estimate of total variance, T . A t-test statistic, ¯θi−θ0i√
T
, is finally produced for
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Model based MI is the most popular method used in social science research. Re-
searchers can use an imputation model which is usually distinct from their final analytic
model to predict missing values. Imputed values of missing random variables are obtained
by drawing multiple independent samples from the modeled distributions of corresponding
variables given all other variables to replace the missing data and form multiple complete
datasets.
Due to advances of computing powers in the past two decades, Monte Carlo Markov
Chain (MCMC) method has become a standard tool used in imputing missing data (Carlin &
Louis, 2000). There are two MCMC methods to impute multivaraite missing data in general,
joint modeling (JM) and fully conditional specification (FCS) (Van Buuren, 2007). JM is to
model all variables jointly as if they follow a multivariate normal distribution and a Gibbs
sampler (Geman & Geman, 1982) can be constructed using a series of resulted conditional
normal distributions (Kenward & Carpenter, 2008). Imputed values are then sampled from
the resulting conditional normal distributions. This method has been proven valid theoreti-
cally (Goldstein et al., 2009; Van Buuren, 2007). However, it presents problems when the
assumption that all variables follow a multivariate normal distribution is unrealistic. Variable
transformations are thus suggested to accommodate variables that follow distributions other
than the normal one (Goldstein et al., 2009; Van Buuren, 2007). A number of researchers
have studied the performance of variable transformation in MI. They all conclude that vari-
able transformation may cause non-negligible bias (Allison, 2005; Horton, Lipsitz & Parzen,
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2003; Van Buuren, 2007). FCS freely models each variable’s conditional probability given
all other variables sequentially. p(Yj | X ,Y− j,θ) is the conditional model used to impute
missing data in jth variable under MAR assumption given all variables other than the jth
one (Van Buuren, 2007). X represents the part of fully observed variables with no miss-
ing data, and Y− j represents the part of variables with missing data except for the jth one.
Gibbs sampler algorithm fits this procedure nicely. This sequential approach can appropri-
ately model each variable’s conditional probability, which is a big advantage over the first
approach (Van Buuren, 2007). Although it has not been proven that the joint distribution
of random variables sampled this way converges to the true joint distribution, the method
usually has good performance in practice (Su et al., 2009; Van Buuren, 2007).
It is suggested that an imputation model should at least include all the variables in-
volved in the final analytic model (King, 2002). This is intuitively easy to understand. If an
important covariate in the final model is not included in the imputation model, the relation-
ship between this covariate and the outcome is not retained in imputed values. As a result, the
final parameter estimate tends to be biased towards null. As mentioned before, an advantage
of the imputation approach is its ability to incorporate variables in the imputation model that
may not be included in the analytic model. In practice, researchers usually include as many
variables as possible that are potential predictors of missing data.
In this paper, I will use the FCS method that also accounts for longitudinal data struc-
ture to multiply impute missing data using the following sequence of imputation models (3.4)
under the MAR assumption. Kenward and Carpenter (2008) have pointed out that even in-
troduction of redundant variables into imputation models may have little negative impact. In
this regard, Rubin (1996) has also noted that possible lost precision when including unim-
portant predictor is usually viewed as a relatively small price to pay for the general validity
of analyses of the resulted multiple imputed data. On the other hand, when researchers face a
large-scale data with hundreds of variables, it is usually not necessary for them to include all
available variables in MI procedure due to limited practical values and logistic difficulties.
As a result, I incorporate all the variables used in my analytic models and propensity score
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model (the topic is discussed in the next section), and a number of auxiliary variables that
may facilitate valid data imputation. Next, I will conduct appropriate analysis on all m com-
plete datasets and combine the results by use of the equations shown in (3.3) (Rubin, 1987).
Under the MAR assumption, resulting conclusions should be preferred to a complete case
analysis as discussed in previous paragraphs.
y1(k+1) ∼ p(y1 | y2(k),y3(k), ...,yp(k), ˆθ (k),X) (3.4)








yp(k+1) ∼ p(yp | y1(k+1),y2(k+1), ...,yp−1(k+1), ˆθ (k),X)
Propensity score matching
Causal effect is defined as the difference in potential outcomes under different condi-
tions for the same group of individuals (Rubin, 2005). It means the difference can be only
attributed to the different conditions and thus researchers can reach the conclusion that the
different conditions cause the effects. Although study findings on the association between
ECE and developmental outcomes is valuable, conclusions of ECE’s causal effects on out-
comes should be the essential information to justify designing and implementing effective
ECE programs (Sameroff, Gutman & Peck, 2003). Hence, most often researchers are inter-
ested in studying potential causal effects of ECE on children’s later development. The most
common and unbiased method to estimate causal effects is to conduct randomized experi-
mental studies. Researchers can use the study design to randomly assign their study partic-
ipants to a treatment of interest and a comparison condition. However, except for a handful
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of small-scale randomized-trial studies, and HSIS and EHSREP to some extent, most em-
pirical studies in this field are largely observational in nature. Most existing studies divided
their participants into two groups: a treatment group that were enrolled in ECE programs of
interest, and a control group not enrolled in these programs. Comparisons between the two
groups were then made to approximate potential effects of studied ECE programs. The ma-
jor concern of this study approach is that if no adjustment is made in outcome comparisons
between children in treatment and control condition, the resulting causal effect estimate may
be severely biased because the groups that differ in treatment status may also be different
in many other areas that actually attribute to the difference in outcomes (D’Agostino, 1998;
Dehejia & Wahba, 2002).
When researchers want to make causal inferences using observational study data, a
natural remedy to potential selection bias is to acquire similar groups of observations which
are exposed to treatment and control condition respectively based on a number of observed
variables that may correlate with interested outcomes (Rubin, 1973). Less biased causal ef-
fects may be estimated by comparing the matched groups. In recent years, propensity score
matching (PSM) technique has become a popular matching technique to help researchers es-
timate causal effect in observational studies (Caliendo & Kopeinig, 2008; Dehejia & Wahba,
2002; Rosenbaum & Rubin, 1983). To apply PSM, researchers first construct a logistic re-
gression model. They use a dichotomous variable to indicate whether a study participant is
exposed to a treatment of interest or not as the outcome and a group of factors which are
potential confounders or indicators of unobserved confounders as covariates. Using such a
model, researchers can estimate the probability of being exposed to treatment given values of
the covariates for each participant. The estimated probability is called propensity score and
the logistic regression model is called a propensity score model. Researchers then use the
propensity score as a summary of the multi-dimensional covariates in the logistic regression
model and match participants under treatment condition with ones in the control condition
on the basis of same or close propensity scores (Abadie et al., 2004; Becker & Ichino, 2002;
Hansen, 2004; Ho et al., 2007; Rosenbaum & Rubin, 1983; Stuart & Green, 2008). Finally,
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the data of the matched sub-sample are analyzed as an approximation of a randomized-trial
study to estimate the interested causal effect.
Validity of the technique is based on the assumption that assignment to different treat-
ment conditions is independent of outcomes given a number of observed variables (Lechner,
2002). The rich data collected in SECC makes a case for this assumption to represent credi-
ble causal effect approximations and hence for matching to be considered a feasible strategy
in this study. In another word, selection into early education experience of different qualities
is assumed to be independent of potential outcomes conditional on a number of observed
variables. My choice of the relevant conditioning variables is guided by the findings of a
recent study that investigated higher-quality preK education’s effects on children’s academic
performance in middle childhood using the SECC dataset (Dearing, McCartney & Taylor,
2009). The set of control variables used in PSM includes study children and their families’
demographic information, maternal characteristics and behavior, and home environment.
There is one complication of applying PSM in this study. Based on the discussion
of measures, not only am I interested in studying potential effects of higher-quality preK
education on child development, but more importantly, I also explore higher-quality preK
- 3rd education’s long-term effects. As a result, there three different treatment conditions:
higher-quality preK education only, higher-quality preK - 3rd education, and control condi-
tion. Imbens (2000) introduced the theoretical foundation of generalized PSM method when
treatment of interest has more than two levels. Lechner (2002) and Sianesi (2004; 2008)
illustrated its use in empirical studies. In generalized PSM, researchers use a multinomial
logistic regression model to estimate the probabilities that study participants are enrolled in
each treatment condition. They rely on pairwise comparisons between groups under different
treatment statuses to estimate the true effect caused by one condition versus the other. When
comparing potential effects of any two treatment conditions, the existence of multiple treat-
ments can in fact be ignored, since individuals who are not in either condition of interest are
not needed for the corresponding analysis (Lechner, 2001, 2002; Sianesi, 2008). In analysis
with a three-level categorical predictor of interest using all observations in a sample, the third
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pairwise group comparison estimate and its standard error can be derived from the results of
the other two pairwise comparisons. The application of generalized PSM method requires
researchers to create three sub-samples, each of which contains observations of two com-
parison conditions of interest. PSM is conducted within each sub-sample, and the resulted
samples and observation weights applied in the following analyses are different from those
in an analysis with a three-level categorical predictor. Thus, the group comparison estimates
resulted are independent of each other and do not have the simple property that any third
pairwise group comparison estimate can be calculated from the other two.
Lechner (2002) presented three approaches to calculate propensity scores in situations
that exist multinomial treatment conditions. First, researchers can conduct separate pairwise
logistic regression models to obtain propensity scores. For example, I have three treatment
conditions in my study and can conduct three separate logistic analyses each of which uses a
subsample of participants from two relevant conditions. Three sets of propensity scores will
be resulted. Second, researchers can conduct a single multinomial logistic regression. They
can obtain marginal probabilities of receiving any treatment condition for study participants.
Then they calculate the conditional probabilities of getting one of the two conditions given
that participants are under either condition using Equation (3.5) and use them as propensity
scores. Third, researchers can run the same multinomial logistic regression model and cal-
culate a Mahalanobis distance based on resulted marginal probabilities as propensity scores.
There is not decisive evidence regarding which approach is the best to help produce well-
matched samples. In this study, I follow the second approach to produce a set of conditional
probabilities and use them as propensity scores. I use them in three separate PSM procedures
to conduct all three pairwise comparisons among three different treatment conditions.
P(Trt = l | Trt ∈ {m, l},X = x) = P(Trt = l | X = x)
P(Trt = l | X = x)+P(Trt = m | X = x) , ∀ l 6= m (3.5)
Since there may be missing data in covariates used in my propensity score model, I
will rely on MI to impute the missing covariates, and conduct PSM for each complete dataset.
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This approach is preferred over listwise deletion of observations with missing data and sin-
gle imputation (Stuart, 2009). Once propensity scores are generated, full matching (Hansen,
2004; Kainz & Pan, 2009; Stuart & Green, 2008) is performed for each case within each
complete dataset created by MI procedure. The ratio of treatment children to control ones in
each matched set will be restricted within a reasonable range to prevent the possible result
that one single observation in one treatment condition may be matched to an overly large
number of observations in the other (Stuart & Green, 2008). The full matching procedure
will be conducted using the Matchit package in R (Ho et al., 2007; R Development Core
Team, 2010). It is preferred to other methods of matching (e.g., nearest neighbor match,
greedy match, radius match) because full matching allowed for retention of all treated cases
through an algorithm that optimized the distance between treated and reference cases using
the estimated propensity scores (Kainz & Pan, 2009). The optimization results in the assign-
ment of a weight to each observation. This weight is used in subsequent regression analyses
so that resulting parameters reflected the matching process.
Analytic techniques
The main task of this study is to extend existing studies’ focus on effect of higher-
quality preK education to effect of preK - 3rd education. I use the following analytic tech-
niques to address my research questions.
Linear regression model. Linear regression model (LRM) is used to analyze continu-
ous outcome variables measured at only one single time point. In an LRM (Equation 3.6), X i
is a vector of covariates for the ith observation. β is a vector of regression coefficients that
reflect the magnitude of associations between covariates and the interested outcome yi. εi is
the model-based residual for the ith observation.
yi = X iβ + εi (3.6)
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Linear mixed model and generalized linear mixed model. A longitudinal study ap-
proach is a very important study design to investigate the phenomenon of child development
because longitudinal data provides researchers opportunities to scrutinize the changes in chil-
dren over time and look for evidence that development takes place. Instead of focusing on
a snapshot of young children’s development in their early lives, SECC followed its study
participants and collected information on an extensive range of developmental outcomes for
multiple years. This allows me to make links between study participants’ early educational
experience and their long-term life outcomes.
Linear mixed model (LMM) (Raudenbush & Bryk, 2002; Singer & Willett, 1993) is
the direct extension of LRM technique to analyze clustered data. In a longitudinal dataset, an
individual has multiple observation records over time, and can be considered as cluster data
as a result. The Equations (3.7) illustrate a two-level mixed model. If necessary, higher level
models can be constructed. Under the longitudinal data analysis framework, X it is a vector
of time-variant covariates for the ith individual at tth time point. β i is a vector of level-one
regression coefficients specific for ith individual. Zi is a vector of time-invariant covariates
for ith individual assumed to appropriately model level-one regression coefficients for that
individual. γ is a vector of level-two regression coefficients. εit is the model-based level-one
residual for ith individual at tth time point. ui is a vector of level-two random effects for ith
individual.
yit = X itβ i + εit (3.7)
β i = Ziγ +ui
There are two dichotomous longitudinal outcome variables, grade retention, and spe-
cial education referral, in this study. When analyzing both outcomes, the normality assump-
tions regarding the level-one random error εit and random effect ui become problematic. As
a result, generalized linear mixed model (GLMM) is used to model the two dichotomous
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outcome variables. In Equations (3.8), µi j refers to the true expectation of an outcome for ith
child at tth time point; the function g() is the link function (McCullagh & Nelder, 1989); X it ,
Zi, β i, and ui denote the same model components as those in an LMM. The assumed relation-
ships between an outcome and covariates are no longer linear and additive, but depend on the
form of a chosen link function. More specifically, GLMM with binomial outcomes is used
to model the two dichotomous variables in the current study. Equations (3.9) demonstrate
the actual two-level model adopted here. pit represents the true probability of experiencing
grade retention or special education referral for ith child at tth time point. log( pit1−pit ) is the
logit link function and also called canonical link function.
g(µit) = X itβ i (3.8)
β i = Ziγ +ui
log( pit
1− pit ) = X itβ i (3.9)
β i = Ziγ +ui
Analysis plan
To reiterate, I am interested in finding answers to the following research questions.
• Does higher-quality preK education have sustainable effects on children’s cognitive,
academic, behavioral, and resilience development?
• If so, are the effects more significant for at-risk children than their more advantaged
peers?
• To what extent does higher-quality early elementary education add to ECE to maintain
children’s positive developmental momentum?
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• Does higher-quality preK - 3rd education moderate the potential negative influence of
experienced risks on children’s development?
• Does higher-quality early elementary education provide any additional beneficial ef-
fects on top of higher-quality preK education?
I divide the study participants into three mutually exclusive groups under different
treatment conditions for each imputed dataset: those who only received higher-quality preK
education (preK group), those who received higher-quality preK - 3rd education (preK - 3rd
group), and those who were not exposed to either education condition (control group). To
answer my first and second research question, I compare a number of outcomes between
the preK and control group. PSM is performed to balance the two groups on a number of
observed covariates assumed to be associated with outcomes. Treatment effects of receiving
higher-quality preK education and the interaction effects between the preK quality indicator
and risk status are then estimated accounting for model covariates. Depending on the na-
ture and availability of different outcomes variables collected between preschool and grade
10, I use LRM to model continuous outcome variables that were collected at a single time
point (Equation 3.10), LMM to model continuous outcomes that were collected at multiple
time points (Equations 3.11), and GLMM to model two longitudinal dichotomous outcomes
(Equations 3.12). Results across multiply imputed datasets are finally combined. For ref-
erence convenience, I call the comparison between the preK and control group Comparison
1. When answering my third and fourth question, I use the similar analytic techniques from
the previous two questions except that I compare the preK - 3rd and control group and es-
timate treatment effects of higher-quality preK - 3rd education and interaction effects of the
corresponding education quality indicator and at-risk status variable. I denote this set of
analyses Comparison 2. Finally, to answer my fifth question, I compare the preK - 3rd and
preK group using similar analytic models as in Research Question 1 and 3 except I exclude
the Treatment×Risk interaction term for the analytic models. This final set of analyses is
referred as Comparison 3. The whole analytic sequence is outlined in Figure (3.1).
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yi = β0 +β1Malei +β2Minorityi+β3BInti+β4Neighborhoodi (3.10)
+β5Seni +β7Riski +β8Treatmenti+β9Treatmenti×Riski + εi
BInt = Child baseline intelligence; Risk = At-risk status;
Sen = Maternal sensitivity;
Treatment = Dichotomous indicator of education quality conditions in a specific group comparison
yit = γ0i + γ1iAgeit + εit (3.11)
γ0i = β0 +β1Malei +β2Minorityi+β3BInti+β4Neighborhoodi +β5Seni
+β7Riski +β8Treatmenti+β9Treatmenti×Riski +u0i
γ1i = β6 +β10Riski +β11Treatmenti+β12Treatmenti×Riski
log( pit
1− pit ) = γ0i + γ1iAgeit (3.12)
γ0i = β0 +β1Malei +β2Minorityi+β3BInti+β4Neighborhoodi+β5Seni
+β7Riski +β8Treatmenti+β9Treatmenti×Riski +u0i
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As discussed in the METHODS section, I used FCS method to conduct multiple im-
putation to accommodate different natures of interested variables with missing data. Imputing
data that do not exist in the first place is a common problem for unbalanced longitudinal or
cluster datasets with missing values. Since researchers were supposed to collect information
from each study child at all data collection points, this study can be considered a longitudinal
study with balanced design (all participants had equal number of data points theoretically).
As a result, I first transformed the dataset to represent each study participant’s longitudinal
data in one observation and then conducted MI procedure without the worry that I would
impute nonexistent data points. More specifically, the data imputation package ICE (Roys-
ton, 2004, 2005a) in statistical software Stata was used as the data imputation tool in this
study. As mentioned in the previous section, it is suggested that researchers usually should
include as many possible predictors as they can (Rubin, 1996). However, SECC investiga-
tors collected information on a large array of variables in the study. In such a case, Van
Buuren and colleagues (1999) recommended a series of variable selection steps to build a
proper MI model. They argue that it is impractical and unnecessary to use all the variables
in the model-based MI procedure because of potential multicollinearity problems and exces-
sive computational demands. Also, they observed that the additional increase of explained
variance in an outcome after including 15-25 covariates in a linear regression model is usu-
ally negligible. Since the MI procedure I used for this study is a model-based approach, this
observation should apply to the circumstance of this study and justify the use of a compar-
atively parsimonious MI model. As a result, I adopted van Buuren’s empirical approach of
four steps to build an MI model.
• First, I included all the variables used in final analyses (outcome variables and covari-
ates). Failure to do so may lead to substantial biases when estimating parameters of
interest in final analytic models (Van Buuren, Boshuizen & Knook, 1999). Since one
of my study interests was to explore potential differential effects of higher-quality early
education on children under and those not under developmental risks, I decided to in-
clude the education quality by risk status interaction terms in my MI model as well.
This practice is recommended for the same argument that interaction effects might be
biased towards null if the imputation model did not include the corresponding terms
(Newgard & Haukoos, 2007). Also, a number of outcome variables even had longi-
tudinal data collected before preK. I incorporated those longitudinal measurements as
well to improve the quality of my MI results.
• Second, I looked for variables that could explain data missing mechanisms. To do
this, I created data missing indicators for all variables that were used in final analytic
models. There were altogether 37 unique variables of interest (4 education quality
variables, 8 risk factor variables, 6 analytic model covariate except for age and at-risk
status, and 20 outcome variables). The raw education quality variables and risk factor
variables were imputed in MI before final early education quality condition variables
and at-risk status were created from them. I examined if potential auxiliary variables
had significantly different distributions between respondents and non-respondents for
each variable of interest. I conducted independent two-sample t-tests for continuous
auxiliary variables, and χ2 tests for categorical ones. I kept variables that showed
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significant disparities for use in my MI model. For variables of interest with re-
peated measures, an auxiliary variable was identified if respondents differed signifi-
cantly from non-respondents on this measure for at least one time point. I decided to
include auxiliary variables that were significantly different between respondents and
non-respondents on at least five key variables. This resulted in 19 auxiliary variables,
all of which were either mother’s demographic information or their baseline psycho-
logical characteristics. Table (4.1) lists all these variables and gives an example of
the auxiliary variable selection results for an outcome of child depression score in this
step. Each variable has three columns of results. The first indicates which simple sta-
tistical test was conducted and whether the test statistic was significant. The latter two
columns provide group means if a t-test was performed and frequencies if a χ2 test
was performed for respondents and non-respondents.
• Third, I examined empirical correlations between a large number of potential auxiliary
variables and the variables from the first step. I set correlation of .08 to be the standard
to select auxiliary variables and recorded how many times correlations of potential
auxiliary variables’ correlations with each outcome and covariate exceeded the cutoff
point. My plan was to keep variables that had correlations above .08 with majority of
variables of interest (i.e., these factors accounted for some variations in the variables
of interest) in my MI model. The inclusion of these variables might also be helpful
in increasing my MI model’s ability to predict missing data points and reducing the
variability of predicted values across imputations. I decided to include all variables
that have .08 correlation or higher with at least 10 key variables in my MI model.
Most empirically useful auxiliary variables identified using this criterion were already
included in step two. Five additional auxiliary variables resulted from this step: ma-
ternal extraversion, maternal parenting stress, child delivery type, child baseline
peer relationships, and maternal health status in pregnancy.
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• Finally, in order to avoid heavy imputations on auxiliary variables that would not ap-
pear in final analytic models, I excluded the variables that had more than 50% of miss-
ing data.
Table 4.1: Example of Step 2 Auxiliary Variable Selection
Auxiliary Variable
Depression at Grade 5 Depression at Grade 6 Depression at Age 15
Test R Non-R Test R Non-R Test R Non-R
Mother’s age T ∗∗∗ 28.45 27.11 T ∗∗∗ 28.50 27.00 T ∗∗∗ 28.63 26.88
Total hours away T+ 2.96 2.10 T+ 3.01 1.97 T ∗ 3.08 1.95
Employment cost T+ 37.41 37.92 T ∗ 37.37 38.02 T ∗∗ 37.29 38.12
Separation anxiety month 1 T ∗∗ 69.63 72.12 T ∗∗ 69.56 72.27 T ∗∗∗ 69.31 72.47
Separation anxiety month 6 T+ 66.08 67.65 T ∗ 65.90 68.21 T ∗∗ 65.76 68.23
Separation anxiety month 15 T ∗∗ 64.55 67.09 T ∗∗ 64.45 67.40 T ∗∗∗ 64.30 67.33
Separation anxiety month 24 T+ 63.12 64.73 T+ 63.03 65.07 T ∗∗ 62.78 65.51
Agreeableness T ∗ 46.44 45.71 T ∗ 46.45 45.71 T+ 46.45 45.82
Neuroticism T+ 29.76 29.81 T+ 29.82 29.63 T+ 29.79 29.73
Parental expectation T+ 138.90 140.60 T+ 139.10 138.70 T+ 139.20 138.30
Parental locus of control T+ 47.90 47.48 T+ 48.01 47.16 T+ 48.04 47.21
Depression T+ 11.29 11.58 T+ 11.30 11.53 T+ 11.19 11.76
Work commitment T+ 21.12 21.57 T+ 21.16 21.45 T ∗ 21.00 21.79
Democratic parenting T+ 32.85 32.36 T ∗ 32.87 32.31 T ∗∗ 32.90 32.33
Social support T+ 5.16 5.15 T+ 5.16 5.14 T+ 5.16 5.15
Employment status 1 χ2∗∗∗ 644 184 χ2∗∗ 639 189 χ2∗∗∗ 610 218
0 375 161 372 164 347 189
Public assistance status 1 χ2∗∗∗ 163 94 χ2∗∗∗ 165 92 χ2∗∗∗ 155 102
0 856 251 846 261 802 305
Health status 1 χ2+ 967 329 χ2+ 959 337 χ2+ 910 386
0 52 16 52 16 47 21
Paid leave status 1 χ2∗∗ 492 135 χ2∗ 485 526 χ2∗∗ 463 164
0 527 210 142 211 494 243
R = Respondents, Non-R = Non-Respondents
T = Two independent sample T-test, χ2 = χ2 test
∗∗∗ = p < .001,∗∗ = p < .01,∗ = p < .05,+ = p > .05
Implementation of MI
Most imputed values were generated by independent draws from predicted posterior
distributions of corresponding variables given information on all other variables. Since the
procedure ICE does not support modeling count variable using poisson distribution, I used
the prediction match method (Royston, 2005b) for a few count variables and variables that
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had a narrow range of possible values to make sure that the imputed values for these vari-
ables were plausible in reality. The current literature recommends that only a small number
of imputations are needed to generate valid parameter estimates and test statistics for infer-
ence purpose (Fichman & Cummings, 2003; Rubin, 1987). Some scholars suggest a number
between 5 and 10 (Graham, Olchowski & Gilreath, 2007; Stuart et al., 2009). As a result, I
decided to obtain 10 imputed datasets. Also, the MI procedure involved over 100 variables
and 1,364 observations, it would take a very long time to complete the imputation using a
single chain. To minimize the time spent on MI, I ran 10 imputation procedures simultane-
ously, each of which was given a randomly selected starting seed and produced two complete
datasets. In each imputation procedure, only the second complete dataset was kept for later
analytic use. A 800 iteration burn-in period was used in each imputation to make sure sim-
ulated data in each imputation reached convergence (Royston, 2004). The data imputation
algorithm was run on UNC’s scientific computation server and the average time to impute a
complete dataset was 101.5 hours. The simulated values for corresponding variables across
10 imputations were considered to be independent of each other.
Convergence of MI procedure
As discussed before, the FCS MI procedure I implemented in this study resembled a
Gibbs sampling procedure except that it was unknown whether a joint distribution of all the
variables existed (Van Buuren, 2007). As a result, my approach is also called incompatible
Gibbs sampling in the literature (Zwane, 2008). As in all other simulation based compu-
tational and analytic tasks, the check for convergence of imputed values is very important
because successful convergence assures that large fluctuations of imputed values are unlikely
and thus following analytic results will not be significantly influenced by a few arbitrary it-
eration cycles that are very different from the other majority of imputations. Theoretically,
researchers can examine the simulated values for every single missing data point and deter-
mine if convergence is reached for all the missing points. Since the SECC data contained
over a thousand observations with hundreds of variables, it would be logistically impossible
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to check convergence for every single missing data point. In order to check the convergence
of the MI procedure in a parsimonious way, I adopted Royston’s convergence check approach
(2005b) of visual examining mean plot of imputed values for each variable across iterations.
In order to decide an appropriate burn-in period, I first conducted the imputation procedure
running 1,000 iterations and produced means of imputed values by iteration scatterplots for
all variables of interest. Next, I examined each scatterplot to look for the indication of con-
vergence that simulated values started to scatter randomly without obvious trends after a
certain number of iterations. After examining all the plots, I concluded that the MI procedure
achieved convergence for most variables by the 800th iteration. Graph (4.1) presents an ex-
ample of the visual check for the covariate of child’s baseline intelligence. In this graph, the
simulated values start to randomly scatter by the 800th iteration. Appendix (A) lists the mean
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Figure 4.1: Trace Scatterplot for MI Convergence: Child Baseline Intelligence
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Propensity Score Matching
As discussed in the METHODS section, multinomial PSM was used in this study
to balance treatment and control group in terms of a number of key variables that might be
predictive of various outcomes of interest. PSM was conducted at the individual level, not
at time-point level. This was consistent with the described longitudinal data analysis plan.
The PSM procedure involved five steps. First, I built a PSM model by selecting a number of
covariates. Second, I ran an unrestricted multinomial logistic regression model using gener-
alized logit link functions (Stokes, Davis & Koch, 2000) with the three-level treatment status
variable indicating which kind of early education experiences study participants received as
the outcome and all risk factors, analytic model covariates, and additional PSM model co-
variates as independent variables for each of the 10 imputed complete datasets. Equations
(4.1) and (4.2) illustrate the propensity score model used in my study for Comparison 1 and 2.
For demonstration convenience, I assigned value 0, 1, and 2 in the treatment status variable
to indicate control condition, higher-quality preK, and higher-quality preK - 3rd education
respectively. pi0i, pi1i, and pi2i represented the marginal probability that individual i was ex-
posed to the treatment 0, 1, and 2. Third, with the predicted marginal probabilities of each
observation being exposed to three treatment conditions, I calculated the estimated condi-
tional probabilities that will be used in subsequent PSM procedure, namely, the probabilities
that study participants received treatment 1 given they received treatment 0 or 1, probabil-
ities that they received treatment 2 given treatment 0 or 2 was received, and probabilities
that they received treatment 2 given treatment 1 or 2. Fourth, different PSM methods were
applied to each imputed dataset to balance treatment and control group based on the condi-
tional probabilities estimated by the PSM model. Finally, balance was evaluated via covariate
and propensity score distribution comparisons (Kainz & Pan, 2009; Rubin, 2001) and a PSM
method that achieved the best empirical balance was selected as the final approach. PSM was
used to balance the empirical distributions of these covariates among treatment and control
groups in an attempt to reduce potential biases when estimating the effect of higher-quality
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early education on study children’s developmental outcomes.
log(pi1i
pi0i
) = η0 +η1Malei +η2Minorityi+η3BInti+η4Neighborhoodi +η5Seni (4.1)
+η6Riski +η7V Inti+η8MEduci +η9Tradi+η10Maritali+η11INRi




) = λ0 +λ1Malei +λ2Minorityi+λ3BInti+λ4Neighborhoodi+λ5Seni (4.2)
+λ6Riski +λ7VInti+λ8MEduci +λ9Tradi +λ10Maritali+λ11INRi
+λ12HHSizei +λ13NEventi +λ14HEnvi +λ15MAgei +λ16SepAnxi +λ17Agreei
+λ18MDepi +λ19W kCommiti+λ20Progi +λ21PubAssti+λ22PeerReli
BInt = Child baseline intelligence; Sen = Sensitivity; Risk = At-risk status; VInt = Mother’s verbal intelligence;
MEduc = Mother’s years of education; Trad = Authoritarian parenting; Marital = Mother’s marital status; HHSize = Household size;
NEvent = Number of negative events; HEnv = Home environment; MAge = Maternal age; SepAnx = Mother’s separation anxiety at month 1;
Agree = Agreeableness; MDep = Maternal depression; W kCommit = Work commitment; Prog = Democratic parenting;
PubAsst = public assistance status; PeerRel = Child’s early peer relationships
To build the PSM model, I included all the variables used to define participants’ risk
status and covariates used in final analytic models. Additionally, I compared the means of
each auxiliary variable used in MI among the three treatment statuses across 10 imputations.
I decide to use F - Test results as indicators of whether these factors were balanced in the
unmatched datasets. Since there are data variations among different imputed datasets, it is
possible that the group comparison results for the same variable might be different across
different imputations. In order to result in a uniform PSM model, I aggregated all F statistics
for each potential PSM model covariates and decided to include all variables that were signif-
icantly different among three treatment groups in at least 5 of the 10 tests. Table (4.2) shows
the additional variable selected by the procedure just described. Thus, the PSM procedure
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that followed mainly aimed at balancing all covariates in the PSM model among groups of
different treatment conditions.
Table 4.2: Additional PSM Model Covariates Selection
Auxiliary Variable No. of Significant F Test Results
Mother’s age 10
Maternal separation anxiety at month 1 8
Maternal agreeableness 9
Maternal depression 5
Maternal work commitment 7
Maternal democratic parenting 10
Maternal public assistance status 10
Child baseline peer relationship 9
Due to special characteristics of different datasets, the best empirical PSM approaches
usually vary across studies. Researchers have conducted studies in attempt to identify which
matching method is the best (Henry & Pan, 2010; Stuart, 2009), but there is still no definitive
method. Many researchers have recommended that researchers implement different PSM
methods and select the approach that reaches the best balances in propensity scores and con-
founding covariates based on several balancing check criteria (Ho et al., 2007; Rubin, 2001,
2007; Stuart, 2009). Thus, I adopted this approach to compare several common PSM methods
and chose the best one for the SECC dataset. The PSM methods under consideration in this
study included 1) multiple-to-one nearest neighbor (NN) match with caliper, 2) multiple-to-
one NN match without caliper, 3) radius match, 4) Gaussian kernel match, 5) Epanechnikov
(Epan) kernel match, and 6) full match (Becker & Ichino, 2002; Guo, Barth & Gibbons,
2006; Stuart et al., 2009).
I relied on two descriptive approaches to evaluate the balance achieved by different
PSM methods. My primary method was to compare the first and second moments of em-
pirical distributions of propensity scores between two groups that were exposed to different
qualities of early education in each comparison. Based on Rubin’s recommendation (2001),
I made the judgment that a PSM method helped me reach a reasonable balance in logits of
propensity scores between two groups in a particular dataset if the standardized difference
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in logits between the two groups was smaller than .5 (preferably close to 0) and the ratio
between the two groups’ sample variances of logits was between .5 and 2 (preferably close
to 1). The calculation of standardized difference in means is illustrated in Equation (4.3),
where the numerator is the raw mean difference between treatment and control group from a
matched dataset, and the denominator is the treatment group’s empirical standard deviation
of logits. Table (4.3) presents the standardized group mean differences of propensity score
logits and empirical variance ratios for 10 imputed datasets used for Comparison 1 (preK
versus control group) across six PSM methods. Table (4.4) and (4.5) are tables with corre-
sponding balance evaluation information for Comparison 2 (preK - 3rd versus control group)
and 3 (preK - 3rd versus preK group). The effective sample sizes of treatment and control
groups across imputations in different comparisons are also presented in the tables. As can be
seen in these tables, all six PSM methods were very effective in reducing standardized group
mean differences in propensity score logits. However, for the second evaluation criterion,
the first five matching methods resulted in numerous large sample variance ratios outside the
recommended range for datasets used for Comparison 1 and 3. Only full matching method
consistently resulted in variance ratios within the .5 - 2 range. Hence, I concluded that full
matching was found to perform the best out of all six methods considered in this study con-
sistent with my first evaluation standard. The unique advantage of full matching method over
the other ones in this particular study might be due to the fact that the first 5 methods only al-
lowed multiple control cases to match each treatment case but the full matching also allowed






Table 4.3: Comparison 1: Standardized Mean Differences in Logits and Logit Variance Ratio Across Various Matching Methods
6 NN w/ .1 capliper 6 NN w/o caliper Radius w/ .1 caliper Gaussian kernel Epan kernel Full match
Sample δstd RV Sample δstd RV Sample δstd RV Sample δstd RV Sample δstd RV Sample δstd RV
Imputation 1
T = 174 .00 2.54 T=174 .01 2.58 T=174 .01 3.11 T=174 .01 3.14 T=172 .00 3.05 T=176 .02 .96
C = 533 C=533 C=533 C=533 C=533 C=527
Imputation 2
T=168 .00 2.43 T=168 .00 2.44 T=168 .01 3.19 T=168 .01 3.29 T=167 .00 3.13 T=170 .01 1.01
C=543 C=543 C=543 C=543 C=543 C=522
Imputation 3
T=160 .00 2.42 T=160 .00 2.42 T=160 .01 3.41 T=160 .01 3.50 T=160 .00 3.31 T=163 .04 .96
C=554 C=554 C=554 C=554 C=554 C=539
Imputation 4
T=179 .00 2.44 T=179 .00 2.45 T=179 .01 3.03 T=179 .01 3.09 T=179 .01 2.97 T=182 .01 1.05
C=538 C=538 C=538 C=538 C=538 C=532
Imputation 5
T=171 .00 2.57 T=171 .01 2.64 T=171 .01 3.28 T=171 .01 3.32 T=171 .00 3.21 T=174 .02 .97
C=560 C=560 C=560 C=560 C=560 C=553
Imputation 6
T=175 .00 2.37 T=175 .01 2.39 T=175 .01 3.18 T=175 .01 3.24 T=174 .00 3.08 T=177 .07 .89
C=557 C=557 C=557 C=557 C=557 C=547
Imputation 7
T=188 .00 2.31 T=188 .01 2.47 T=188 .01 2.89 T=188 .01 2.94 T=185 .00 2.93 T=188 .01 1.02
C=546 C=546 C=546 C=546 C=546 C=544
Imputation 8
T=174 .00 2.48 T=175 .01 2.50 T=174 .01 3.11 T=175 .01 3.16 T=173 .00 3.07 T=175 .00 1.01
C=543 C=543 C=543 C=543 C=543 C=527
Imputation 9
T=176 .00 2.40 T=176 .01 2.48 T=176 .01 3.13 T=176 .01 3.18 T=175 .00 2.91 T=176 .02 1.00
C=551 C=551 C=551 C=551 C=551 C=540
Imputation 10
T=159 .00 2.72 T=159 .01 2.75 T=159 .01 3.49 T=159 .01 3.58 T=159 .01 3.34 T=162 .06 .91
C=557 C=557 C=557 C=557 C=557 C=550
T = Treatment group, C = Control group
69
Table 4.4: Comparison 2: Standardized Mean Differences in Logits and Logit Variance Ratio Across Various Matching Methods
4 NN w/ .1 capliper 4 NN w/o caliper Radius w/ .1 caliper Gaussian kernel Epan. kernel Full match
Sample δstd RV Sample δstd RV Sample δstd RV Sample δstd RV Sample δstd RV Sample δstd RV
Imputation 1
T=654 .00 .75 T=654 .00 .76 T=654 .00 .81 T=654 .01 .82 T=651 .00 .80 T=655 .01 1.03
C=533 C=533 C=533 C=533 C=533 C=524
Imputation 2
T=640 .00 .78 T=650 .02 .81 T=640 .00 .84 T=650 .01 .85 T=627 .00 .85 T=651 .04 1.10
C=543 C=543 C=543 C=543 C=543 C=535
Imputation 3
T=639 .00 .80 T=646 .01 .82 T=639 .01 .86 T=646 .01 .87 T=631 .00 .87 T=647 .05 1.11
C=554 C=554 C=554 C=554 C=554 C=546
Imputation 4
T=643 .00 .76 T=643 .00 .78 T=643 .00 .83 T=643 .01 .84 T=638 .00 .83 T=644 .00 1.01
C=538 C=538 C=538 C=538 C=538 C=537
Imputation 5
T=624 .00 .85 T=628 .01 .86 T=624 .01 .90 T=628 .01 .90 T=623 .00 .89 T=630 .00 1.02
C=560 C=560 C=560 C=560 C=560 C=555
Imputation 6
T=628 .00 .83 T=629 .00 .84 T=628 .01 .89 T=629 .01 .90 T=616 .00 .89 T=630 .02 1.05
C=557 C=557 C=557 C=557 C=557 C=546
Imputation 7
T=623 .00 .83 T=624 .00 .84 T=623 .01 .87 T=624 .01 .88 T=621 .00 .87 T=630 .01 1.02
C=546 C=546 C=546 C=546 C=546 C=546
Imputation 8
T=634 .00 .75 T=642 .00 .75 T=634 .00 .85 T=642 .01 .85 T=628 .00 .84 T=646 .02 1.07
C=543 C=543 C=543 C=543 C=543 C=529
Imputation 9
T=632 .00 .80 T=636 .01 .82 T=632 .00 .85 T=636 .00 .86 T=623 .00 .86 T=637 .01 1.02
C=551 C=551 C=551 C=551 C=551 C=549
Imputation 10
T=636 .00 .80 T=642 .00 .80 T=636 .01 .87 T=642 .01 .87 T=630 .00 .87 T=645 .02 1.07
C=557 C=557 C=557 C=557 C=557 C=548
70
Table 4.5: Comparison 3: Standardized Mean Differences in Logits and Logit Variance Ratio Across Various Matching Methods
4 NN w/ .1 capliper 4 NN w/o caliper Radius w/ .1 caliper Gaussian kernel Epan. kernel Full match
Sample δstd RV Sample δstd RV Sample δstd RV Sample δstd RV Sample δstd RV Sample δstd RV
Imputation 1
T=630 .00 2.54 T=646 −.01 2.58 T=630 −.01 3.77 T=646 −.01 3.86 T=616 .00 3.71 T=655 .15 1.36
C=176 C=176 C=176 C=176 C=176 C=173
Imputation 2
T=634 .00 2.72 T=639 −.01 2.74 T=634 −.01 3.86 T=639 −.01 3.95 T=614 .00 3.73 T=651 .16 1.37
C=170 C=170 C=170 C=170 C=170 C=168
Imputation 3
T=617 .00 2.58 T=639 .00 2.63 T=617 −.01 3.84 T=639 −.01 4.03 T=609 .00 3.79 T=647 .22 1.45
C=163 C=163 C=163 C=163 C=163 C=162
Imputation 4
T=628 .00 2.63 T=630 −.01 2.68 T=628 −.01 3.54 T=630 −.01 3.62 T=613 .00 3.44 T=644 .12 1.34
C=182 C=182 C=182 C=182 C=182 C=180
Imputation 5
T=609 .00 2.45 T=621 .00 2.45 T=609 −.01 3.60 T=621 −.01 3.72 T=579 .00 3.41 T=630 .13 1.29
C=174 C=174 C=174 C=174 C=174 C=171
Imputation 6
T=591 .00 2.48 T=599 .00 2.49 T=591 −.01 3.60 T=599 −.01 3.77 T=560 .00 3.37 T=630 .19 1.48
C=177 C=177 C=177 C=177 C=170 C=169
Imputation 7
T=613 .00 2.54 T=615 −.01 2.59 T=613 −.01 3.32 T=615 −.01 3.39 T=608 .00 3.31 T=630 .07 1.17
C=188 C=188 C=188 C=188 C=188 C=188
Imputation 8
T=620 .00 2.65 T=621 .00 2.69 T=620 −.01 3.61 T=621 −.01 3.75 T=608 .00 3.56 T=646 .18 1.47
C=175 C=175 C=175 C=175 C=175 C=174
Imputation 9
T=613 .00 2.60 T=622 .00 2.60 T=613 −.01 3.57 T=622 −.01 3.70 T=605 .00 3.51 T=637 .07 1.20
C=176 C=176 C=176 C=176 C=176 C=174
Imputation 10
T=584 .00 2.46 T=623 −.01 2.52 T=584 −.01 3.73 T=623 −.01 4.02 T=551 .00 3.50 T=645 .26 1.80
C=162 C=162 C=162 C=162 C=162 C=161
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Also, I checked the weighted empirical distributions of the propensity score logits of
different treatment groups for all 10 imputed datasets used in the three comparisons before
and after applying my full matching procedure. This provided an additional visual diagnos-
tic of the PSM results. The histograms of propensity score logits also were consistent with
the conclusion that balance of the logits is significantly improved by the full matching pro-
cedure: the empirical distributions of treatment and control groups generally became more
similar to each other after full matching than those before the procedure was applied. Figure
(4.2) presents an example of the comparison for the first imputed dataset in Comparison 1
before and after full matching. Appendix (B) displays all the weighted empirical distribution
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Imputation 1: Matched Logit
Figure 4.2: Balance Check in Comparison 1 for Imputation 1
72
My secondary method to evaluate balance was to examine the raw group means
(Rosenbaum & Rubin, 1985; Stuart, 2009) of propensity score logits and PSM model co-
variates before and after applying PSM methods. If group means of most covariates became
closer after applying a PSM method, I considered that the method improved balance. I found
that all methods significantly reduced the group mean differences for logits and most PSM
model covariates across the board. Several variables had very small differences in their group
means before matching and their differences actually grew larger after matching. Nonethe-
less, even though these differences grew larger, the absolute size of the differences were
still very small. Based on all the information above, I determined that there was no single
method that stood out as the ideal choice based on the standard of my secondary balance
evaluation approach. Due to the large amount of descriptive statistics this step produced, I
chose to only present the results of group mean comparisons produced by the full matching
procedure across 10 imputations for all three comparisons. As can be seen in Table (4.6), the
differences between logit group means became much smaller after full matching. Appendix
(F) - (H) provide all the raw group means of PSM model covariates before and after my full
matching method across 10 imputed datasets for Comparison 1 (preK versus control group),
2 (preK - 3rd versus control group), and 3 (preK - 3rd versus preK group).
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Table 4.6: Mean Comparisons of Propensity Score Logits Before and After Full Matching
PS Logit
Comparison 1 Comparison 2 Comparison 3
Before Match After Match % of Improvement Before Match After Match % of Improvement Before Match After Match % of Improvement
T C T C T C T C T C T C
Imputation 1 −.98 −1.24 −.98 −1.00 95.41% .37 .04 .37 .36 97.94% 1.54 1.09 1.54 1.50 90.33%
Imputation 2 −1.02 −1.31 −1.02 −1.02 99.01% .41 −.05 .41 .39 94.96% 1.56 1.13 1.56 1.53 92.18%
Imputation 3 −1.07 −1.39 −1.07 −1.09 94.02% .38 −.05 .38 .34 91.89% 1.59 1.18 1.59 1.53 85.64%
Imputation 4 −1.00 −1.17 −1.00 −1.00 98.65% .35 .01 .35 .35 99.31% 1.45 1.08 1.45 1.42 92.32%
Imputation 5 −1.05 −1.29 −1.05 −1.06 95.81% .27 −.02 .27 .27 99.48% 1.51 1.08 1.51 1.49 95.92%
Imputation 6 −.96 −1.33 −.96 −1.01 88.09% .30 −.05 .30 .29 96.77% 1.55 .99 1.55 1.49 89.00%
Imputation 7 −.98 −1.15 −.98 −.98 97.80% .32 −.02 .32 .32 99.00% 1.36 1.06 1.36 1.35 98.30%
Imputation 8 −.98 −1.29 −.98 −.98 99.23% .43 −.07 .43 .41 96.67% 1.55 1.06 1.55 1.50 89.11%
Imputation 9 −1.04 −1.25 −1.04 −1.04 96.41% .34 −.04 .34 .33 97.97% 1.45 1.13 1.45 1.44 97.32%
Imputation 10 −1.07 −1.41 −1.07 −1.10 89.07% .36 −.05 .36 .34 96.08% 1.64 1.13 1.64 1.52 75.91%
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Based on all my balance evaluation results, I concluded that although multiple PSM
methods have improved covariates balance, the method of full matching resulted in the best
balance, mainly reflected in the criterion of propensity score logit variance ratios. Finally, in
order to verify validity of the full matching results that groups of different education qual-
ity conditions were comparable after the matching procedure, I conducted falsification tests
(Courtemanche & He, 2009) on two of the outcomes that were measured before study chil-
dren attended preK. If the full matching technique successfully helped approximate a ran-
domized trial study and significantly reduced selection biases, the treatment and control
group should preferably not have obvious differences in their outcomes before treatment
implementation. Since treatment conditions of interest in this study are early education qual-
ities, two outcomes (BEX and BIN) with measurements available when study participants
were 36 months old were compared between the preK and control group (Comparison 1),
between the preK-3rd and control group (Comparison 2) and the preK-3rd and preK group
(Comparison 3) respectively using the regression model (3.10). The falsification test results
showed that there were no significant differences between two groups in each comparison.
Table (4.7) presents the relevant test statistics for the estimated treatment effects for outcomes
BEX and BIN at 36 months. Hence, full matching was chosen for this study and the resulting
matched datasets were used for analyses in next step.
Table 4.7: Falsification Tests of Estimated Treatment Effects on BEX and BIN at 36 Months
Outcome
Comparison 1 Comparison 2 Comparison 3
Est. (S.E.) p Est. (S.E.) p Est. (S.E.) p
BEX .48 (1.19) .69 −.92 (.73) .21 −1.34 (.93) .15
BIN .38 (1.3) .77 −.15 (.79) .85 −1.12 (1.31) .4
Descriptive Statistics
In this section, I first report the descriptive statistics on the raw data for the overall
sample instead of information for groups of participants under different treatment conditions.
After that, I present descriptive statistics by groups of different treatment conditions using
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imputed and propensity score matched datasets created for three comparisons.
Descriptive statistics for raw SECC data
Table (4.8) presents the raw data’s means, standard deviations, and missing percent-
ages of covariates used in final analyses. Four education quality variables were used to
operationalize treatment variables of interest, and eight risk factor variables were utilized to
define study participants’ risk statuses. The rationale for not reporting treatment group spe-
cific descriptive statistics was that there was a considerable amount of missing data in the
four education quality variables and separate descriptive statistics on a specific variable for
different treatment groups would exclude observations whose treatment status could not be
determined despite that they had the information.
Of participating children, 51.69% were males, and 19.57% of them were minority
students. The overall average child baseline intelligence score when the participants were
24 months old was 92.15 (S.D. = 14.64). The Neighborhood score was 6.61 on average
(S.D. = 1.46), and the average maternal sensitivity score was 9.21 (S.D. = 1.78). Average
years of education for mothers of the study children was 14.23 years (S.D.= 2.51); 14.39%
of the participants did not live with their fathers in their households; the mean household
INR was 3.38 (S.D. = 2.7); the average number of non-parental household members living
with participants was 1.23 (S.D. = 1.42); the average of maternal authoritarian parenting
score was 60.34 (S.D. = 15.21); participants’ families experienced 3.31 stressful life events
on average in the previous year (S.D. = 3.37); the mean baseline home environment score
measured at month 6 was 36.55 (S.D.= 4.65); the mean of maternal baseline IQ score rated
by PPVT-R was 99.01 (S.D.= 18.35). On average, study participants were enrolled in child
care for 32.72 hours per week (S.D. = 19.1); the average scores of preschool, grade 1, and
grade 3 education quality measured by ORCE, COS-1, and COS-3 were 25.62 (S.D.= 3.79),
40.45 (S.D.= 6.43), and 41.98 (S.D.= 4.49) respectively.
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Table 4.8: Raw Overall Sample Descriptive Statistics on Covariates
Variable Miss No. Miss % Mean (S.D.)
Model Covariates
Male 0 0 51.69% (.5)
Minority 0 0 19.57% (.4)
Baseline intelligence 202 14.81% 92.15 (14.64)
Neighborhood environment 357 26.17% 6.61 (1.46)
Maternal sensitivity 92 6.74% 9.21 (1.78)
Risk factors
Mother’s years of education 1 .07% 14.23 (2.51)
Whether father is absent 2 .15% 14.39% (.35)
INR 9 .66% 3.38 (2.7)
No. of non-parental household members 2 .15% 1.23 (1.42)
Authoritarian parenting style 4 .29% 60.34 (15.21)
No. of negative life events 287 21.04% 3.31 (3.37)
Home environment 85 6.23% 36.55 (4.65)
Mother’s verbal intelligence 197 14.44% 99.01 (18.35)
Education Quality
Hours spent in daycare 228 16.72% 32.72 (19.1)
Preschool quality 383 28.08% 25.62 (3.79)
Grade 1 quality 398 29.18% 40.45 (6.43)
Grade 3 quality 393 28.81% 41.98 (4.49)
Miss No. = Number of observations with missing data on a variable
Miss % = Percentage of observations with missing data on a variable
Table (4.9)-(4.12) report the means, standard deviations, and missing percentages of
outcome variables in study participants’ four developmental areas respectively. In general,
most longitudinal outcomes showed a developmental trend. For example, the participants’
WJR-PV scores increased as they grew up; their BEX and BIN scores decreased over time.
The percentages of missing data for all outcome variables were between 25.07% and 37.83%.
13 out of 23 outcomes had less than 30% of missing data. In the next three paragraphs, I
report group specific descriptive statistics of imputed and propensity score matched datasets
by different early education quality conditions for three different comparisons.
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Table 4.10: Raw Overall Sample Descriptive Statistics on Academic Outcomes
Variable
WJR-LW ARS-LL ARS-Overall Retention Referral
Miss No. Mean Miss No. Mean Miss No. Mean Miss No. Mean Miss No. Mean
Miss % (S.D.) Miss % (S.D.) Miss % (S.D.) Miss % (S.D.) Miss % (S.D.)
Age 5
371 3 373 3
27.2% (.98) 27.35% (.92)
Age 6
359 3.34 360 3.28 429 2.57% 405 29.41%
26.32% (.96) 26.39% (.9) 31.45% (.16) 29.69% (.46)
Age 7
442 3.3 444 3.31 476 1.7% 554 36.3%
32.4% (.96) 32.55% (.89) 34.9% (.13) 40.62% (.48)
Age 8
373 3.57 382 3.49 447 2.51% 495 35.21%
27.35% (.96) 28.01% (.86) 32.77% (.16) 36.29% (.48)
Age 9
442 3.48 458 3.22 472 1.79% 513 31.96%
32.4% (.94) 33.58% (.85) 34.6% (.13) 37.61% (.47)
Age 10
371 510.12 426 3.68 435 3.46 491 .9% 528 29.31%
31.23% (.91) 27.2% (17.52) 31.89% (.85) 36% (.1) 38.71% (.46)
Age 11
501 3.79 559 2.24% 601 26.21%
36.73% (.92) 40.98% (.15) 44.06% (.44)
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Table 4.11: Raw Overall Sample Descriptive Statistics on Behavioral Outcomes
Variable
BEX BIN DBD Depression
Miss No. Mean Miss No. Mean Miss No. Mean Miss No. Mean
Miss % (S.D.) Miss % (S.D.) Miss % (S.D.) Miss % (S.D.)
Age 5
306 49.92 306 46.99
22.43% (9.67) 22.43% (9.09)
Age 6
336 48.27 336 48.27
24.63% (9.79) 24.63% (8.94)
Age 8
338 47.4 338 48.43 384 12.73
24.78% (9.82) 24.78% (9.9) 28.15% (14.34)
Age 9
342 46.5 342 47.86 449 11.3
25.07% (9.73) 25.07% (9.68) 32.92% (13.34)
Age 10
347 45.8 347 48.74 443 11.33 345 1.28
25.44% (10.09) 25.44% (9.78) 32.48% (13.73) 25.29% (1.95)
Age 11
342 45.94 342 47.72 511 10.73 353 1.41
25.07% (10.15) 25.07% (9.99) 37.46% (13.55) 25.88% (2.15)
Age 15
391 45.51 391 46.64 407 2.01
28.67% (10.46) 28.67% (9.86) 29.84% (2.64)
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Table 4.12: Raw Overall Sample Descriptive Statistics on Resilience Outcomes
Variable
TCRelation FriendQ Lonely NegPeer PeerPress
Miss No. Mean Miss No. Mean Miss No. Mean Miss No. Mean Miss No. Mean





357 65.04 358 23.28





386 63.46 354 3.96 333 28.47 382 .34
28.3% (9.31) 25.95% (.65) 24.41% (9.6) 28.01% (.3)
Age 9
449 63.39 344 4 451 .34
32.92% (8.93) 25.22% (.66) 33.06% (.3)
Age 10
436 62.43 371 4.15 340 25.72 434 .35
31.96% (9.13) 27.2% (.59) 24.93% (9.02) 31.82% (.32)
Age 11
507 61.24 365 4.21 512 .35
37.17% (9.23) 26.76% (.59) 37.54% (.31)
Age 15
391 4.16 408 26.43 409 28.75
28.67% (.56) 29.91% (8.69) 29.99% (3.65)
Variable
Attention Impulse RiskTake-C RiskTake-M PsyMature
Miss No. Mean Miss No. Mean Miss No. Mean Miss No. Mean Miss No. Mean








407 3.51 410 6.16 407 3.33
29.84% (.9) 30.06% (5.67) 29.84% (.36)
Before descriptive statistics for subsets of data for three comparisons are presented,
the unweighted descriptive statistics for all covariates and outcomes before PSM procedure
are provided in Table (4.13) - (4.17). The sample sizes for three education quality condition
were average group sizes across the ten imputations.
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Table 4.13: Unweighted Covariates Descriptive Statistics
Variable
preK (n = 174) preK-3rd (n = 642) Control (n = 547)
Mean (S.D.) Mean (S.D.) Mean (S.D.)
Male 50.15% (.5) 48.17% (.5) 56.3% (.5)
Minority 23.09% (.42) 15.53% (.36) 23.19% (.42)
Baseline intelligence 90.45 (15.05) 92.6 (15.23) 90.3 (14.82)
Neighborhood 6.45 (1.52) 6.65 (1.46) 6.39 (1.63)
Maternal sensitivity 8.91 (1.89) 9.4 (1.73) 9 (1.84)
At-risk status 34.31% (.48) 23.37% (.42) 34.4% (.48)





preK (n = 174) 481.34 (12.29)
preK-3rd (n = 642) 485.18 (12.73)
Control (n = 547) 481.03 (13)
Age 8
preK (n = 174) 495.05 (11.57)
preK-3rd (n = 642) 497.78 (12.12)
Control (n = 547) 494.53 (12.27)
Age 10
preK (n = 174) 503.56 (12.32)
preK-3rd (n = 642) 506.62 (12.62)
Control (n = 547) 503.68 (13.08)
Age 15
preK (n = 174) 515.96 (13.95)
preK-3rd (n = 642) 519.68 (14.13)
Control (n = 547) 515.72 (14.06)
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Table 4.15: Unweighted Descriptive Statistics on Academic Outcomes
Variable Group
WJR-LW ARS-LL ARS-Overall Retention Referral
Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.)
Age 5
preK (n = 174) 2.98 (1.03) 2.96 (.95)
preK-3rd (n = 642) 3.04 (1.02) 3.05 (.95)
Control (n = 547) 2.83 (1.02) 2.83 (.96)
Age 6
preK (n = 174) 3.2 (1.04) 3.15 (.98) 12.07% (.33) 31.64% (.47)
preK-3rd (n = 642) 3.35 (.99) 3.29 (.94) 6.25% (.24) 31.36% (.46)
Control (n = 547) 3.14 (1.04) 3.09 (.97) 10.08% (.3) 33.46% (.47)
Age 7
preK (n = 174) 3.12 (1.06) 3.18 (.95) 9.73% (.3) 38.06% (.49)
preK-3rd (n = 642) 3.27 (1.01) 3.29 (.95) 6.75% (.25) 38.19% (.49)
Control (n = 547) 3.05 (1.07) 3.12 (.97) 9.31% (.29) 40.55% (.49)
Age 8
preK (n = 174) 3.42 (1) 3.35 (.88) 8.18% (.28) 37.36% (.49)
preK-3rd (n = 642) 3.6 (.98) 3.52 (.88) 7.52% (.26) 35.48% (.48)
Control (n = 547) 3.33 (1.05) 3.28 (.93) 11.95% (.32) 42.41% (.49)
Age 9
preK (n = 174) 3.27 (1.03) 3.07 (.91) 13.02% (.34) 33.58% (.47)
preK-3rd (n = 642) 3.49 (.97) 3.24 (.9) 7.12% (.26) 32.5% (.47)
Control (n = 547) 3.21 (1.06) 2.99 (.94) 11.25% (.32) 40.11% (.49)
Age 10
preK (n = 174) 507.6 (18.73) 3.44 (.97) 3.27 (.9) 11.38% (.32) 28.18% (.45)
preK-3rd (n = 642) 511.08 (18.13) 3.69 (.95) 3.45 (.91) 6.66% (.25) 32.34% (.47)
Control (n = 547) 506.25 (19.14) 3.45 (1.01) 3.24 (.95) 10% (.3) 37.01% (.48)
Age 11
preK (n = 174) 3.62 (.99) 14.53% (.35) 31% (.46)
preK-3rd (n = 642) 3.88 (.93) 8.46% (.28) 27.72% (.45)
Control (n = 547) 3.5 (1.03) 12.79% (.33) 35.46% (.48)
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Table 4.16: Unweighted Descriptive Statistics on Behavioral Outcomes
Age Group
BEX BIN DBD Depression
Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.)
Age 5
preK (n = 174) 51.23 (10.18) 47.37 (9.68)
preK-3rd (n = 642) 48.96 (9.82) 46.5 (9.34)
Control (n = 547) 51.43 (10.11) 47.67 (9.42)
Age 6
preK (n = 174) 50.19 (10.05) 47.73 (9.51)
preK-3rd (n = 642) 47.88 (10.02) 47.71 (9.15)
Control (n = 547) 50.06 (10.16) 49.18 (9.28)
Age 8
preK (n = 174) 49.71 (10.65) 49.42 (10.71) 16.18 (16.1)
preK-3rd (n = 642) 46.48 (10.1) 48.22 (10.02) 12.01 (14.01)
Control (n = 547) 49.12 (10.15) 49.22 (10.53) 16.77 (15.94)
Age 9
preK (n = 174) 49.01 (10.49) 48.57 (10.53) 14.13 (13.96)
preK-3rd (n = 642) 45.77 (10.12) 47.4 (9.81) 10.81 (13.23)
Control (n = 547) 47.91 (10.09) 48.68 (10.19) 14.71 (14.98)
Age 10
preK (n = 174) 47.12 (10.93) 48.2 (10.47) 14.09 (14.82) 1.26 (2.13)
preK-3rd (n = 642) 44.98 (10.2) 48.27 (9.87) 10.65 (13.66) 1.26 (1.98)
Control (n = 547) 47.4 (10.49) 49.63 (10.22) 14.04 (15.14) 1.34 (2.12)
Age 11
preK (n = 174) 47.92 (10.84) 48.41 (10.58) 14.14 (15.12) 1.19 (2.11)
preK-3rd (n = 642) 45.06 (10.49) 47.19 (10.22) 9.9 (13.26) 1.37 (2.3)
Control (n = 547) 47.33 (10.61) 48.56 (10.5) 14.29 (15.76) 1.46 (2.35)
Age 15
preK (n = 174) 46.83 (10.94) 47.31 (10.54) 2.24 (3.02)
preK-3rd (n = 642) 44.68 (10.6) 46.17 (9.82) 2.1 (2.82)
Control (n = 547) 46.53 (11.28) 46.9 (10.82) 1.98 (2.84)
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Table 4.17: Unweighted Descriptive Statistics on Resilience Outcomes
Variable Group
TCRelation FriendQ Lonely NegPeer PeerPress
Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.)
Age 5
preK (n = 174) 65.19 (9.21)
preK-3rd (n = 642) 65.85 (8.94)
Control (n = 547) 64.76 (9.22)
Age 6
preK (n = 174) 63.35 (9.64) 23.64 (5.62)
preK-3rd (n = 642) 65.31 (8.3) 23.25 (5.49)
Control (n = 547) 63.5 (9.02) 23.58 (5.7)
Age 7
preK (n = 174) 63.73 (9.66)
preK-3rd (n = 642) 64.59 (8.96)
Control (n = 547) 63.24 (9.6)
Age 8
preK (n = 174) 63.1 (9.87) 3.97 (.69) 29.49 (10.62) .36 (.32)
preK-3rd (n = 642) 63.96 (9.34) 3.95 (.67) 28.44 (9.8) .33 (.31)
Control (n = 547) 61.61 (10.55) 3.98 (.72) 29.45 (10.64) .41 (.33)
Age 9
preK (n = 174) 62.26 (10.19) 3.91 (.72) .37 (.35)
preK-3rd (n = 642) 63.96 (8.91) 4.03 (.67) .33 (.31)
Control (n = 547) 60.89 (10.05) 3.99 (.73) .42 (.33)
Age 10
preK (n = 174) 60.98 (10.12) 4.04 (.64) 27.32 (10.84) .37 (.33)
preK-3rd (n = 642) 63.03 (9.33) 4.15 (.61) 25.55 (9.09) .34 (.33)
Control (n = 547) 60.88 (10.07) 4.12 (.66) 26.6 (9.61) .4 (.35)
Age 11
preK (n = 174) 60.78 (10.35) 4.18 (.65) .41 (.36)
preK-3rd (n = 642) 61.55 (9.74) 4.2 (.61) .35 (.32)
Control (n = 547) 60.2 (10.51) 4.25 (.63) .41 (.35)
Age 15
preK (n = 174) 4.16 (.6) 26.98 (9.82) 28.8 (4.02)
preK-3rd (n = 642) 4.14 (.58) 26.84 (9.26) 28.95 (3.86)
Control (n = 547) 4.15 (.61) 26.18 (9.46) 28.9 (4.07)
Variable Group
Attention Impulse RiskTake-C RiskTake-M PsyMature
Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.)
Age 9
preK (n = 174) 84.87 (6.2)
preK-3rd (n = 642) 85.74 (5.79)
Control (n = 547) 84.78 (6.83)
Age 11
preK (n = 174) 8.02 (5.11)
preK-3rd (n = 642) 6.8 (4.75)
Control (n = 547) 7.78 (5.28)
Age 15
preK (n = 174) 3.31 (.97) 6.97 (5.75) 3.3 (.37)
preK-3rd (n = 642) 3.58 (.94) 5.65 (5.59) 3.35 (.37)
Control (n = 547) 3.44 (1.01) 7.05 (6.61) 3.29 (.39)
Descriptive statistics for Comparison 1
Table (4.18) presents the means and standard errors of model covariates for partici-
pants in the preK (treatment) and control group combining ten imputations used in the first
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comparison. In general, the means and standard errors of covariates for treatment and con-
trol groups were very close to each other. This might be due to the implementation of the
full matching procedure. The percentage of male participants was 50.15% and 52.54% for
treatment and control group respectively; 23.09% and 23.61% of participants in the treat-
ment and control group were reported as minorities respectively; participants’ group mean
baseline intelligence scores at 24 months were 90.45(S.D.= 15.05) and 90.15(S.D.= 14.64);
the group mean neighborhood scores were 6.45(S.D.= 1.52) and 6.44(S.D. = 1.64); group
mean maternal sensitivity scores were 8.91(S.D. = 1.89) and 8.86 (S.D. = 1.187) respec-
tively; 34.31% and 34.93% of participants in the two treatment conditions were identified as
at-risk children with presence of three or more risk factors.
Table 4.18: Covariates Descriptive Statistics for Comparison 1
Variable
Overall Treated Control
Mean (S.D.) Mean (S.D.) Mean (S.D.)
Male 51.96% (.5) 50.15% (.5) 52.54% (.5)
Minority 23.5% (.42) 23.09% (.42) 23.61% (.43)
Baseline intelligence 90.22 (14.73) 90.45 (15.05) 90.15 (14.64)
Neighborhood 6.44 (1.61) 6.45 (1.52) 6.44 (1.64)
Maternal sensitivity 8.87 (1.6) 8.91 (1.89) 8.86 (1.87)
At-risk status 34.79% (.48) 34.31% (.48) 34.93% (.48)
The means and standard deviations of all outcome variables at all available time points
for the treatment and control group in Comparison 1 are presented in Table (4.19) - (4.22).
When looking at the marginal group mean scores, I noticed that the treated group had a slight
advantage over the control group in terms of many of the outcomes. Also, there was a clear
development trend for most longitudinal outcomes.
In Table (4.19), the treatment group had a consistent advantage over the control group
across all time points. The group average WJR-PV score increased from 481.34 at age 6 to
515.96 at age 15 for the treatment group and from 480.74 to 515.43 for control group.
In the area of academic development, Table (4.20) shows that the treatment group kept
its advantage over the control group in WJR-LW score at age 10, ARS-LL score, ARS-
Overall score, and special education referral percentages across all available time points.
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The group mean ARS-LL score grew from 2.98 to 3.62 for the treatment group and from
2.81 to 3.5 for control group; the mean ARS-Overall score grew from 2.96 to 3.27 and
from 2.8 to 3.23 for the two groups respectively. However, the treatment group did not have
a lower percentage in grade retention at several time points. Also, I did not see a clear
improving trend in retention and referral percentages over the years. It is understandable
because standards based on which retention and referral decisions were made were likely to
change at different grade levels.





















Table 4.20: Descriptive Statistics on Academic Outcomes for Comparison 1
Variable Group
WJR-LW ARS-LL ARS-Overall Retention Referral
Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.)
Age 5
Overall 2.85 (1.02) 2.84 (.95)
Treated 2.98 (1.03) 2.96 (.95)
Control 2.81 (1.02) 2.80 (.95)
Age 6
Overall 3.16 (1.03) 3.1 (.96) 10.69% (.31) 32.95% (.47)
Treated 3.20 (1.04) 3.15 (.98) 12.07% (.33) 31.64% (.47)
Control 3.15 (1.02) 3.08 (.96) 10.25% (.3) 33.35% (.47)
Age 7
Overall 3.08 (1.05) 3.13 (.96) 9.49% (.29) 40.55% (.49)
Treated 3.12 (1.06) 3.18 (.95) 9.73% (.3) 38.06% (.49)
Control 3.06 (1.04) 3.12 (.96) 9.39% (.29) 41.35% (.49)
Age 8
Overall 3.34 (1.03) 3.29 (.92) 10.53% (.31) 39.73% (.49)
Treated 3.42 (1) 3.35 (.88) 8.18% (.28) 37.36% (.49)
Control 3.32 (1.03) 3.27 (.93) 11.28% (.32) 40.50% (.49)
Age 9
Overall 3.22 (1.05) 3 (.92) 11.52% (.32) 39.28% (.49)
Treated 3.27 (1.03) 3.07 (.91) 13.02% (.34) 33.58% (.47)
Control 3.20 (1.05) 2.98 (.92) 11.02% (.31) 41.13% (.49)
Age 10
Overall 503.47 (13.02) 3.44 (1.01) 3.24 (.94) 10.61% (.31) 34.19% (.47)
Treated 507.6 (18.73) 3.44 (.97) 3.27 (.9) 11.38% (.32) 28.18% (.45)
Control 506.08 (19.44) 3.44 (1.03) 3.23 (.96) 10.36% (.31) 36.13% (.48)
Age 11
Overall 3.53 (1.01) 12.79% (.33) 33.44% (.47)
Treated 3.62 (.99) 14.53% (.35) 31.00% (.46)
Control 3.5 (1.02) 12.22% (.33) 34.22% (.48)
Table (4.21) demonstrates that on average, the treatment group had lower BEX and
DBD scores at all time points. For the other two outcomes, the treatment group did not show
a consistent advantage over control group at all times. Clear decreasing developmental trends
could be observed in all four behavioral outcomes.
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Table 4.21: Descriptive Statistics on Behavioral Outcomes for Comparison 1
Age Group
BEX BIN DBD Depression
Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.)
Age 5
Overall 51.21 (10.05) 47.39 (9.39)
Treated 51.23 (10.18) 47.37 (9.68)
Control 51.2 (10.01) 47.4 (9.3)
Age 6
Overall 49.99 (10.17) 48.77 (9.35)
Treated 50.19 (10.05) 47.73 (9.51)
Control 49.92 (10.21) 49.11 (9.29)
Age 8
Overall 49.23 (10.27) 49.33 (10.59) 16.65 (15.93)
Treated 49.71 (10.65) 49.42 (10.71) 16.18 (16.1)
Control 49.08 (10.15) 49.30 (10.56) 16.81 (15.89)
Age 9
Overall 48.03 (10.23) 48.47 (10.29) 14.63 (14.83)
Treated 49.01 (10.49) 48.57 (10.53) 14.13 (13.96)
Control 47.71 (10.14) 48.44 (10.23) 14.79 (15.11)
Age 10
Overall 47.17 (10.63) 49.08 (10.4) 13.66 (14.85) 1.23 (2.02)
Treated 47.12 (10.93) 48.20 (10.47) 14.09 (14.82) 1.26 (2.13)
Control 47.19 (10.54) 49.37 (10.38) 13.51 (14.88) 1.22 (1.98)
Age 11
Overall 47.34 (10.66) 48.56 (10.5) 13.8 (15.37) 1.34 (2.22)
Treated 47.92 (10.84) 48.41 (10.58) 14.14 (15.12) 1.19 (2.11)
Control 47.15 (10.61) 48.61 (10.48) 13.69 (15.46) 1.39 (2.26)
Age 15
Overall 46.36 (11.28) 46.67 (10.79) 2 (2.84)
Treated 46.83 (10.94) 47.31 (10.54) 2.24 (3.02)
Control 46.21 (11.39) 46.46 (10.88) 1.92 (2.78)
As seen in Table (4.22), the treatment group had higher average TCRelation score
and lower NegPeer score than the control group indicating better teacher-child relationship
and lower teacher-rated negative interactions with peers at most available time points. The
treatment group was also observed to score somewhat higher on average in the attention
sustaining task at age 9.
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Table 4.22: Descriptive Statistics on Resilience Outcomes for Comparison 1
Variable Group
TCRelation FriendQ Lonely NegPeer PeerPress






Overall 63.69 (9.19) 23.58 (5.67)
Treated 63.35 (9.64) 23.64 (5.62)






Overall 62.13 (10.35) 4.01 (.71) 29.44 (10.51) .4 (.32)
Treated 63.10 (9.87) 3.97 (.69) 29.49 (10.62) .36 (.32)
Control 61.82 (10.49) 4.02 (.72) 29.43 (10.48) .41 (.33)
Age 9
Overall 61.38 (10.19) 3.99 (.72) .41 (.34)
Treated 62.26 (10.19) 3.91 (.72) .37 (.35)
Control 61.10 (10.19) 4.02 (.72) .42 (.34)
Age 10
Overall 61.22 (9.79) 4.12 (.64) 26.29 (9.69) .38 (.34)
Treated 60.98 (10.12) 4.04 (.64) 27.32 (10.84) .37 (.33)
Control 61.31 (9.69) 4.14 (.65) 25.95 (9.27) .39 (.34)
Age 11
Overall 60.66 (10.35) 4.26 (.63) .4 (.35)
Treated 60.78 (10.35) 4.18 (.65) .41 (.36)
Control 60.62 (10.37) 4.28 (.62) .4 (.35)
Age 15
Overall 4.19 (.6) 26.03 (9.54) 29.04 (4.06)
Treated 4.16 (.6) 26.98 (9.82) 28.8 (4.02)
Control 4.19 (.61) 25.72 (9.43) 29.12 (4.07)
Variable Group
Attention Impulse RiskTake-C RiskTake-M PsyMature










Overall 3.43 (1.01) 6.87 (6.28) 3.31 (.38)
Treated 3.31 (.97) 6.97 (5.75) 3.3 (.37)
Control 3.47 (1.01) 6.84 (6.44) 3.31 (.39)
The correlations between covariates and all continuous outcome variables are shown
in Table (4.23). No strong correlations were detected. Sizes of all correlations ranged from
weak to moderate. Children’s baseline intelligence scores and at-risk status were the two
variables that had the highest correlations with most outcome variables among the six covari-
ates.
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Table 4.23: Correlations between Covariates and Continuous Outcome Variables for Com-
parison 1
Male Minority Baseline Intelligence Neighborhood Maternal sensitivity At-risk status
WJR-PV .05 −.23 .31 .14 .21 −.3
WJR-LW −.03 −.29 .4 .12 .28 −.32
ARS-LL −.12 −.21 .36 .13 .24 −.29
ARS-Overall −.08 −.21 .37 .14 .24 −.29
BEX −.07 .04 −.1 −.16 −.09 .19
BIN −.01 −.05 −.06 −.12 −.01 .09
DBD .25 .23 −.24 −.13 −.16 .24
Depression −.1 −.02 −.02 −.06 .02 .02
TCRelation −.2 −.2 .16 .12 .1 −.18
FriendQ −.24 .04 .12 .04 −.04 .01
Lonely .03 .08 −.17 −.1 −.03 .1
NegPeer .15 .16 −.22 −.15 −.12 .2
PeerPress −.22 .11 .08 .02 .01 .06
Attention −.04 −.15 .17 .07 .19 −.18
Impulse −.04 −.05 .15 .06 .08 −.13
RiskTake-C .19 .23 −.2 −.17 −.11 .22
RiskTake-M .13 .06 −.08 −.09 −.12 .12
PsyMature −.07 −.01 .2 .12 .08 −.16
Descriptive statistics for Comparison 2
Table (4.24) presents the means and standard errors of model covariates for partici-
pants in the two treatment conditions combining 10 imputations used in the second compar-
ison. Similar to what we saw for the first comparison, means and standard errors of covari-
ates for preK - 3rd (treatment) and control groups were close to each other. The percentage
of male participants was 48.17% and 48.98% for treatment and control group respectively;
15.53% and 14.83% of participants in the treatment and control group were minorities re-
spectively; participants’ group average baseline intelligence scores were 92.6 (S.D.= 15.23)
and 92.33(S.D. = 14.75); their mean neighborhood scores were 6.65 (S.D. = 1.46) and
6.63 (S.D. = 1.56); the average maternal sensitivity scores for the two groups were 9.4
(S.D. = 1.73) and 9.41 (S.D. = 1.75); and 23.37% and 23.26% of participants in the two
treatment conditions were identified as at-risk children. I observed that the percentages of
minority, and at-risk study participants were considerably lower for children who received
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higher-quality preK - 3rd education than those who received only higher-quality preK edu-
cation. Also, group mean baseline intelligence scores and neighborhood environment scores
were also higher here. Since all these factors are usually correlated with children’s SES
status (Costello, Keeler & Angold, 2001; Whitebook, 2003; Turkheimer et al., 2003), this
observation that children who received long-term higher-quality education in general were
from higher SES families than those who did not have access to the same higher-quality of
early child education was consistent with prior findings that educational resources were not
equally distributed among the population in this country (Berne, 1994; Raudenbush, Fotiu &
Cheong, 1998).
Table 4.24: Covariates Descriptive Statistics for Comparison 2
Variable
Overall Treated Control
Mean (S.D.) Mean (S.D.) Mean (S.D.)
Male 48.54% (.5) 48.17% (.50) 48.98% (.50)
Minority 15.21% (.36) 15.53% (.36) 14.83% (.36)
Baseline Intelligence 92.48 (15.01) 92.6 (15.23) 92.33 (14.75)
Neighborhood (6.64) (1.51) 6.65 (1.46) 6.63 (1.56)
Maternal sensitivity 9.41 (1.5) 9.4 (1.73) 9.41 (1.75)
t-risk status 23.31% (.42) 23.37% (.42) 23.26% (.42)
Table (4.25) - (4.28) present means and standard deviations of outcome variables at
all available time points for the treatment and control groups in the second comparison. The
treatment group had an advantage over the control group in terms of many outcomes. Also, a
clear development trend can be observed in most longitudinal outcomes. Like the covariates,
higher group means for most outcome variables were observed for the Comparison 2 dataset
than for the Comparison 1 dataset.
In Table (4.25), there was evidence that the treatment group had a consistent advantage
over the control group across all the time points. The group average WJR-PV score increased
from 485.18 at age 6 to 519.68 at age 15 for the treatment group and from 484.12 to 518.73
for control group.
In the area of academic development, Table (4.26) shows that the treatment group kept
its advantage over control group in WJR-PV scores, ARS-LL, ARS-Overall scores, and
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grade retention percentages across almost all time points. The group mean ARS-LL score
grew from 3.04 to 3.88 for the treatment group and from 3.02 to 3.71 for control group; the
mean ARS-Overall score grew from 3.05 to 3.45 and from 3.02 to 3.44 for the two groups
respectively. I did not see a clear monotonic developmental trend in grade retention or special
education referral percentages over the years.





















Table 4.26: Descriptive Statistics on Academic Outcomes for Comparison 2
Variable Group
WJR-LW ARS-LL ARS-Overall Retention Referral
Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.)
Age 5
Overall 3.03 (1.01) 3.04 (.95)
Treated 3.04 (1.02) 3.05 (.95)
Control 3.02 (1.01) 3.02 (.94)
Age 6
Overall 3.32 (1) 3.26 (.94) 6.87% (.25) 29.99% (.46)
Treated 3.35 (.99) 3.29 (.94) 6.25% (.24) 31.36% (.46)
Control 3.29 (1.01) 3.23 (.95) 7.59% (.27) 28.37% (.45)
Age 7
Overall 3.26 (1.01) 3.29 (.94) 7.21% (.26) 37.58% (.48)
Treated 3.27 (1.01) 3.29 (.95) 6.75% (.25) 38.19% (.49)
Control 3.24 (1.02) 3.28 (.93) 7.76% (.27) 36.86% (.48)
Age 8
Overall 3.57 (.99) 3.49 (.89) 8.52% (.28) 36.33% (.48)
Treated 3.6 (.98) 3.52 (.88) 7.52% (.26) 35.48% (.48)
Control 3.54 (1.01) 3.45 (.9) 9.72% (.3) 37.35% (.48)
Age 9
Overall 3.46 (.99) 3.21 (.9) 8.41% (.28) 34.09% (.47)
Treated 3.49 (.97) 3.24 (.9) 7.12% (.26) 32.5% (.47)
Control 3.43 (1) 3.17 (.9) 9.94% (.3) 35.96% (.48)
Age 10
Overall 510.73 (18.1) 3.68 (.95) 3.44 (.91) 7.29% (.26) 32.45% (.47)
Treated 511.08 (18.13) 3.69 (.95) 3.45 (.91) 6.66% (.25) 32.34% (.47)
Control 510.31 (18.08) 3.67 (.95) 3.44 (.9) 8.03% (.27) 32.58% (.47)
Age 11
Overall 3.8 (.96) 9.39% (.29) 29.31% (.46)
Treated 3.88 (.93) 8.46% (.28) 27.72% (.45)
Control 3.71 (.98) 10.47% (.31) 31.17% (.46)
Table (4.27) demonstrates that on average, the treatment group had lower scores in all
four outcomes in general. Clear developmental trends could be observed for BEX, and DBD
scores. Average BEX score decreased from 48.96 to 44.68 for the treatment group and from
48.96 to 44.68 for control group; average DBD score decreased from 12.01 to 9.9 and 13.7
to 11.78 for two groups; average Depression scores increased from 1.26 to 2.1 and 1.29 to
2.07 for groups of different treatment conditions respectively.
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Table 4.27: Descriptive Statistics on Behavioral Outcomes for Comparison 2
Age Group
BEX BIN DBD Depression
Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.)
Age 5
Overall 49.66 (10) 46.85 (9.27)
Treated 48.96 (9.82) 46.5 (9.34)
Control 50.49 (10.16) 47.25 (9.16)
Age 6
Overall 48.55 (10.1) 48.33 (9.07)
Treated 47.88 (10.02) 47.71 (9.15)
Control 49.35 (10.16) 49.07 (8.94)
Age 8
Overall 47.25 (10.1) 48.61 (10.14) 12.78 (14.14)
Treated 46.48 (10.1) 48.22 (10.02) 12.01 (14.01)
Control 48.16 (10.04) 49.08 (10.27) 13.70 (14.24)
Age 9
Overall 46.24 (10.01) 47.83 (9.78) 11.47 (13.34)
Treated 45.77 (10.12) 47.4 (9.81) 10.81 (13.23)
Control 46.80 (9.86) 48.35 (9.74) 12.25 (13.43)
Age 10
Overall 45.76 (10.37) 48.86 (9.96) 10.98 (13.66) 1.27 (2.04)
Treated 44.98 (10.2) 48.27 (9.87) 10.65 (13.66) 1.26 (1.98)
Control 46.68 (10.51) 49.56 (10.03) 11.36 (13.66) 1.29 (2.12)
Age 11
Overall 45.7 (10.55) 47.85 (10.31) 10.76 (13.79) 1.42 (2.37)
Treated 45.06 (10.49) 47.19 (10.22) 9.90 (13.26) 1.37 (2.3)
Control 46.46 (10.58) 48.62 (10.39) 11.78 (14.35) 1.48 (2.46)
Age 15
Overall 45.19 (10.8) 46.64 (10.1) 2.08 (2.87)
Treated 44.68 (10.6) 46.17 (9.82) 2.1 (2.82)
Control 45.79 (11.02) 47.19 (10.41) 2.07 (2.93)
Based on Table (4.28), the treatment group had a somewhat better NegPeer scores at
all time points; the treatment group was also observed to take fewer risks at age 11 (aver-
age RiskTake-M score was 6.8 and 7.37 for treatment and control group) and 15 (average
RiskTake-C score was 5.65 and 6.14 for the two groups). The treatment and control group
had almost the same average scores in Attention at age 9 (85.74 and 85.45 respectively),
Impulse at age 15 (3.58 and 3.52), and PsyMature at age 15 (group mean scores were 3.35
and 3.33).
The correlations between covariates and outcome variables are presented in Table
(4.29). No strong correlations were detected with the sizes of all correlations ranging from
weak to moderate. Among all the covariates, child’s baseline intelligence scores and at-risk
status had the largest correlations with majority of outcome variables.
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Table 4.28: Descriptive Statistics on Resilience Outcomes for Comparison 2
Variable Group
TCRelation FriendQ Lonely NegPeer PeerPress






Overall 64.96 (8.48) 23.16 (5.43)
Treated 65.31 (8.3) 23.25 (5.49)






Overall 63.70 (9.43) 3.96 (.68) 28.47 (9.98) .34 (.31)
Treated 63.96 (9.34) 3.95 (.67) 28.44 (9.8) .33 (.31)
Control 63.39 (9.54) 3.97 (.69) 28.50 (10.2) .36 (.3)
Age 9
Overall 63.34 (9.19) 4.02 (.68) .35 (.31)
Treated 63.96 (8.91) 4.03 (.67) .33 (.31)
Control 62.59 (9.47) 4.01 (.69) .38 (.32)
Age 10
Overall 62.85 (9.3) 4.15 (.63) 25.76 (9.3) .35 (.33)
Treated 63.03 (9.33) 4.15 (.61) 25.55 (9.09) .34 (.33)
Control 62.63 (9.27) 4.15 (.64) 26.01 (9.54) .36 (.33)
Age 11
Overall 61.60 (9.88) 4.23 (.61) .36 (.33)
Treated 61.55 (9.74) 4.2 (.61) .35 (.32)
Control 61.66 (10.05) 4.27 (.6) .37 (.34)
Age 15
Overall 4.16 (.58) 26.54 (9.23) 28.93 (3.92)
Treated 4.14 (.58) 26.84 (9.26) 28.95 (3.86)
Control 4.17 (.59) 26.18 (9.19) 28.9 (3.99)
Variable Group
Attention Impulse RiskTake-C RiskTake-M PsyMature










Overall 3.55 (.97) 5.87 (5.83) 3.34 (.38)
Treated 3.58 (.94) 5.65 (5.59) 3.35 (.37)
Control 3.52 (1) 6.14 (6.1) 3.33 (.39)
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Table 4.29: Correlations between Covariates and Continuous Outcome Variables for Com-
parison 2
Male Minority Baseline Intelligence Neighborhood Maternal sensitivity At-risk status
WJR-PV .06 −.19 .35 .11 .22 −.28
WJR-LW .01 −.21 .4 .11 .24 −.29
ARS-LL −.09 −.21 .43 .12 .22 −.3
ARS-Overall −.04 −.19 .43 .13 .21 −.29
BEX −.06 .06 −.18 −.16 −.07 .19
BIN −.03 −.02 −.11 −.12 −.02 .09
DBD .23 .19 −.28 −.12 −.13 .27
Depression −.09 .02 −.05 −.08 −.02 .02
TCRelation −.21 −.15 .16 .1 .09 −.20
FriendQ −.23 .01 .09 .03 −.02 .01
Lonely .03 .07 −.17 −.12 −.03 .09
NegPeer .11 .11 −.25 −.15 −.1 .23
PeerPress −.21 .08 .07 −.01 −.01 .08
Attention −.05 −.15 .23 .11 .13 −.18
Impulse −.06 −.06 .17 .08 .09 −.13
RiskTake-C .16 .16 −.17 −.15 −.11 .18
RiskTake-M .13 .02 −.14 −.12 −.1 .17
PsyMature −.04 −.03 .17 .09 .09 −.09
Descriptive statistics for Comparison 3
Table (4.30) presents the means and standard errors of model covariates for partici-
pants in the two treatment conditions combining 10 imputations used in the third comparison.
Since the treatment group in Comparison 2 and 3 were the same, and PSM results showed that
all participants in the treatment group were used in both comparisons, the descriptive statis-
tics for the preK - 3rd group for the last comparison were the same as those for the previous
comparison. The percentages of male participants was 48.17% and 47.24% for preK - 3rd
(treatment) and preK (control) group respectively; 15.53% and 16.52% of participants in the
treatment and control group were documented as minorities respectively; participants’ group
average baseline intelligence scores were 92.6 (S.D.= 15.23) and 92.83(S.D.= 14.77); the
groups’ mean neighborhood scores were 6.65 (S.D.= 1.46) and 6.65 (S.D.= 1.49); the group
average maternal sensitivity scores were 9.4 (S.D. = 1.73) and 9.41 (S.D. = 1.81); 23.37%
and 23.18% of participants in the two treatment conditions were identified as at-risk children.
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Like Comparison 2, the percentages of minority, and at-risk study participants were consid-
erably lower in this sub-dataset than those in the first comparison. Also, group mean baseline
intelligence scores and neighborhood environment scores were also higher.
Table 4.30: Covariates Descriptive Statistics for Comparison 3
Variable
Overall Treated Control
Mean (S.D.) Mean (S.D.) Mean (S.D.)
Male 47.97% (.5) 48.17% (.50) 47.24% (.50)
Minority 15.73% (.36) 15.53% (.36) 16.52% (.37)
Baseline Intelligence 92.65 (15.12) 92.60 (15.23) 92.83 (14.77)
Neighborhood Environment 6.65 (1.47) 6.65 (1.46) 6.65 (1.49)
Maternal sensitivity 9.4 (1.47) 9.4 (1.73) 9.41 (1.81)
At-risk status 23.32% (.42) 23.37% (.42) 23.18% (.42)
Table (4.31) - (4.34) present means and standard deviations of outcome variables at all
available time points categorized by treatment statuses in the third comparison. The treatment
group had more positive results than the control group for many outcomes. Also, a clear
development trend was observed for most variables with longitudinal data . Further, higher
group means for most outcome variables were observed for the Comparison 3 dataset than
for the Comparison 1 dataset.
In the area of cognitive development (Table 4.31), the group average WJR-PV score
increased from 485.18 at age 6 to 519.68 at age 15 for the treatment group and from 484.2 to
518.99 for control group.
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In Table (4.32), the treatment group did not consistently score higher in WJR-LW,
ARS-LL, and ARS-Overall scores than the control group did, and no clear advantage of
lower percentages of special service referral was observed for the treatment group. The
treatment group had considerably lower grade retention percentages than the control group
at all but one time point. The average WJR-LW scores were 511.08 and 511.51 at age 10 for
the treatment and control group. The group mean ARS-LL score grew from 3.04 to 3.88 for
the treatment group and from 3.13 to 3.79 for control group; the mean ARS-Overall score
grew from 3.05 to 3.45 and from 3.12 to 3.46 for the two groups respectively. I did not see a
clear monotonic developmental trend in grade retention or special education service referral
percentages.
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Table 4.32: Descriptive Statistics on Academic Outcomes for Comparison 3
Variable Group
WJR-LW ARS-LL ARS-Overall Retention Referral
Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.)
Age 5
Overall 3.06 (1.01) 3.06 (.94)
Treated 3.04 (1.02) 3.05 (.95)
Control 3.13 (.99) 3.12 (.91)
Age 6
Overall 3.35 (1) 3.29 (.95) 6.76% (.25) 30.56% (.46)
Treated 3.35 (.99) 3.29 (.94) 6.25% (.24) 31.36% (.46)
Control 3.35 (1.01) 3.3 (.97) 8.65% (.28) 27.61% (.45)
Age 7
Overall 3.29 (1.02) 3.3 (.94) 7.26% (.26) 37.61% (.48)
Treated 3.27 (1.01) 3.29 (.95) 6.75% (.25) 38.19% (.49)
Control 3.34 (1.03) 3.34 (.92) 9.08% (.29) 35.48% (.48)
Age 8
Overall 3.61 (.98) 3.52 (.88) 7.41% (.26) 35.5% (.48)
Treated 3.6 (.98) 3.52 (.88) 7.52% (.26) 35.48% (.48)
Control 3.65 (.98) 3.54 (.87) 7.01% (.26) 35.62% (.48)
Age 9
Overall 3.5 (.98) 3.25 (.9) 8.01% (.27) 32.21% (.47)
Treated 3.49 (.97) 3.24 (.9) 7.12% (.26) 32.5% (.47)
Control 3.52 (1.02) 3.27 (.91) 11.31% (.32) 31.12% (.46)
Age 10
Overall 511.17 (18.18) 3.68 (.96) 3.45 (.91) 7.54% (.26) 31.88% (.47)
Treated 511.08 (18.13) 3.69 (.95) 3.45 (.91) 6.66% (.25) 32.34% (.47)
Control 511.51 (18.44) 3.66 (1) 3.46 (.92) 10.82% (.31) 30.21% (.46)
Age 11
Overall 3.86 (.94) 9.22% (.29) 28.02% (.45)
Treated 3.88 (.93) 8.46% (.28) 27.72% (.45)
Control 3.79 (.96) 12% (.33) 29.08% (.46)
Table (4.33) demonstrates that the treatment group had lower BEX, BIN, and DBD
scores across different time points. The treatment group did not have a consistent advantage
over control group in Depression at all times. Also, clear developmental trends could be
observed in BEX and DBD scores. BEX average score decreased from 48.96 to 44.68 for
the treatment group and from 50.79 to 46.37 for control group; average DBD score decreased
from 12.01 to 9.9 and 13.81 to 12.26 for two groups respectively.
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Table 4.33: Descriptive Statistics on Behavioral Outcomes for Comparison 3
Age Group
BEX BIN DBD Depression
Mean (S.D.) Mean (S.D.) Mean (S.D.) Mean (S.D.)
Age 5
Overall 49.34 (9.83) 46.71 (9.34)
Treated 48.96 (9.82) 46.50 (9.34)
Control 50.79 (9.75) 47.47 (9.29)
Age 6
Overall 48.22 (9.95) 47.71 (9.11)
Treated 47.88 (10.02) 47.71 (9.15)
Control 49.52 (9.62) 47.70 (9.03)
Age 8
Overall 47.07 (10.14) 48.44 (10.07) 12.39 (14.21)
Treated 46.48 (10.1) 48.22 (10.02) 12.01 (14.01)
Control 49.32 (10) 49.30 (10.27) 13.81 (14.91)
Age 9
Overall 46.34 (10.07) 47.68 (9.84) 11.04 (13.22)
Treated 45.77 (10.12) 47.4 (9.81) 10.81 (13.23)
Control 48.49 (9.6) 48.73 (9.95) 11.91 (13.15)
Age 10
Overall 45.42 (10.27) 48.28 (9.87) 10.76 (13.66) 1.26 (2.03)
Treated 44.98 (10.2) 48.27 (9.87) 10.65 (13.66) 1.26 (1.98)
Control 47.10 (10.36) 48.32 (9.91) 11.17 (13.73) 1.26 (2.23)
Age 11
Overall 45.62 (10.56) 47.42 (10.24) 10.4 (13.48) 1.33 (2.26)
Treated 45.06 (10.49) 47.19 (10.22) 9.9 (13.26) 1.37 (2.3)
Control 47.71 (10.6) 48.28 (10.32) 12.26 (14.13) 1.18 (2.1)
Age 15
Overall 45.04 (10.6) 46.41 (9.9) 2.13 (2.86)
Treated 44.68 (10.6) 46.17 (9.82) 2.1 (2.82)
Control 46.37 (10.55) 47.32 (10.17) 2.26 (3)
Based on Table (4.34), the treatment group took fewer risks at age 11 (average
RiskTake-M scores were 6.8 and 7.59 for treatment and control group) and 15 (average
RiskTake-C scores were 5.65 and 6.35 for the two groups). On average, the treatment and
control group scored almost the same in Attention at age 9 (two group mean scores were
85.74 and 85.58), Impulse at age 15 (treatment and control group mean scores were 3.58
and 3.39 respectively), and PsyMature at age 15 (group mean scores were 3.35 and 3.32).
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Table 4.34: Descriptive Statistics on Resilience Outcomes for Comparison 3
Variable Group
TCRelation FriendQ Lonely NegPeer PeerPress






Overall 65.2 (8.57) 23.2 (5.48)
Treated 65.31 (8.3) 23.25 (5.49)






Overall 64.06 (9.29) 3.94 (.67) 28.54 (9.94) .33 (.3)
Treated 63.96 (9.34) 3.95 (.67) 28.44 (9.8) .33 (.31)
Control 64.43 (9.13) 3.92 (.67) 28.92 (10.43) .33 (.3)
Age 9
Overall 63.98 (9.03) 4.01 (.68) .33 (.31)
Treated 63.96 (8.91) 4.03 (.67) .33 (.31)
Control 64.03 (9.49) 3.91 (.7) .33 (.34)
Age 10
Overall 62.9 (9.46) 4.13 (.61) 25.79 (9.5) .34 (.33)
Treated 63.03 (9.33) 4.15 (.61) 25.55 (9.09) .34 (.33)
Control 62.44 (9.95) 4.07 (.62) 26.72 (10.88) (.33) (.33)
Age 11
Overall 61.54 (9.77) 4.2 (.62) .35 (.32)
Treated 61.55 (9.74) 4.2 (.61) .35 (.32)
Control 61.53 (9.9) 4.21 (.66) .37 (.35)
Age 15
Overall 4.15 (.58) 26.97 (9.35) 28.91 (3.89)
Treated 4.14 (.58) 26.84 (9.26) 28.95 (3.86)
Control 4.20 (.57) 27.45 (9.68) 28.76 (3.99)
Variable Group
Attention Impulse RiskTake-C RiskTake-M PsyMature










Overall 3.54 (.94) 5.8 (5.61) 3.34 (.37)
Treated 3.58 (.94) 5.65 (5.59) 3.35 (.37)
Control 3.39 (.94) 6.35 (5.66) 3.32 (.36)
The correlations between covariates and outcome variables are presented in Table
(4.35). Of all the covariates, child’s baseline intelligence scores and at-risk status had the
strongest correlations with most outcome variables.
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Table 4.35: Correlations between Covariates and Continuous Outcome Variables for Com-
parison 3
Male Minority Baseline Intelligence Neighborhood Maternal Sensitivity At-risk status
WJR-PV .06 −.21 .35 .12 .21 −.28
WJR-LW .00 −.27 .43 .16 .24 −.3
ARS-LL −.09 −.25 .43 .14 .24 −.31
ARS-Overall −.04 −.23 .44 .14 .23 −.29
BEX −.06 .07 −.17 −.13 −.08 .2
BIN −.04 .01 −.07 −.09 −.02 .09
DBD .22 .18 −.29 −.12 −.15 .26
Depression −.08 .01 −.05 −.04 −.02 .01
TCRelation −.21 −.14 .18 .09 .09 −.18
FriendQ −.23 .01 .09 .03 −.01 −.01
Lonely .04 .09 −.18 −.11 −.06 .11
NegPeer .11 .13 −.26 −.12 −.12 .22
PeerPress −.23 .09 .06 −.01 −.02 .08
Attention −.03 −.19 .25 .15 .15 −.22
Impulse −.1 −.08 .15 .05 .11 −.1
RiskTake-C .17 .15 −.16 −.1 −.11 .15
RiskTake-M .18 .02 −.14 −.14 −.11 .18
PsyMature −.05 −.04 .16 .04 .1 −.08
Inferential Statistics
Analytic results that addressed the five research questions are presented in this section.
Different statistical modeling techniques discussed in the METHODS section were used to
analyze the imputed and propensity score matched datasets and investigate effects of higher-
quality early childhood education on children’s developmental outcomes in various areas.
The same set of covariates were used in all statistical models. They were child gender, mi-
nority status, baseline intelligence, neighborhood environment (neighborhood score), age,
and at-risk status. If LRM was used to model single time point outcome variables, covariates
that involved age were not included in the models. Predictors of interests were appropri-
ate treatment status variables that indicated treatment and control condition when analyses
were conducted to answer different research questions. Also, treatment by at-risk status in-
teraction was included in models that looked for evidence of higher-quality early childhood
education’s potential differential effects.
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Results for Research Question 1 and 2: Main and interactional effects of higher-
quality preK education
The first question inquired about potential long-term effects of higher-quality preK
education alone on outcomes in various developmental areas. My second research question
asked whether higher-quality preK education had differential effects on at-risk and not-at-
risk children. To answer these questions, the dataset prepared for Comparison 1 (preK versus
control group) was used for analyses. Conclusions from the majority of research literature
in this area suggests that the beneficial effects of preK education disappear soon after study
children enter elementary school (Cryan Robert & Bandy-Hedden, 1992; Lee et al., 1990b;
Lee & Loeb, 1995). My results were consistent with previous studies’ conclusion that higher-
quality preK education alone may not be enough to produce long-lasting positive effects
on children’s cognitive, academic, and behavioral development. My examination of preK’s
long-term effect on study participants’ resilience development also yielded non-significant
results. However, the operational definition of treatment and control condition in the current
investigation might have also contributed to the null findings. The higher-quality preK only
group was considered as the treatment group in this comparison and defined as children who
only received higher-quality preschool education. The control group was defined as one that
did not experience higher-quality preK and had at most one episode of higher-quality early
elementary education. In other words, unlike the treatment group that universally did not
experience any higher-quality grade 1 or 3 education, a number of members in the control
condition had one episode of good early elementary education. As a result, potential effects
of higher-quality preK education on child outcomes might be partly canceled out by catch-
up effects of good early elementary education experienced by a number of children in the
control group. At-risk study participants significantly under-performed in almost all outcome
variables than their more advantaged peers. Finally, I could not find any evidence that higher-
quality preK education had significant effects in moderating the negative influence exerted
by at-risk status. Table (4.36)-(4.39) present the final results. A table of treatment effect sizes
on all continuous outcome variables is also provided in Appendix (I).
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Cognitive development. Compared with the control group, higher-quality preK was
estimated to have a positive effect on children’s WJR-PV scores ( ˆβ8 = .68). However, the
treatment effect estimate was not statistically significant. At-risk children were estimated to
score 5.17 points lower in the cognitive outcome (p < .001) than their more advantaged peers
accounting for other model covariates. The treatment by risk interaction was not statistically
significant either. However, the interaction effect estimate was .9, suggesting that at-risk
children might benefit more from one-year higher-quality preK education experience than
did their more advantaged peers.
When looking at the effects of other controlling covariates on study participants’
WJR-PV scores, I found that male study participants had a significant advantage over the
females ( ˆβ1 = 3.36, p < .001). Minority children scored significantly lower than their Cau-
casian counterparts ( ˆβ2 =−2.8, p < .05). Baseline intelligence score at 24 months had a sig-
nificantly positive effect on the outcome ( ˆβ3 = .29, p< .001). A higher baseline maternal sen-
sitivity score was also positively associated with a better WJR-PV score ( ˆβ5 = .65, p < .05).
Also, there was a clear age effect on the outcome: the test score increased as children grew
up ( ˆβ6 = 3.62, p < .001).
Table 4.36: Comparison 1 Results for Cognitive Outcomes
WJR-PV
Est. (S.E.)
Intercept ( ˆβ0) 457.17∗∗∗ (4.21)
Male ( ˆβ1) 3.36∗∗∗ (.89)
Minority ( ˆβ2) −2.8∗ (1.18)
Baseline intelligence ( ˆβ3) .29∗∗∗ (.03)
Neighborhood ( ˆβ4) .22 (.35)
Maternal sensitivity ( ˆβ5) .65∗ (.27)
Age ( ˆβ6) 3.62∗∗∗ (.06)
At-risk status ( ˆβ7) −5.17∗∗∗ (1.22)
Treatment ( ˆβ8) .68 (1.23)
Treatment × Risk ( ˆβ9) .9 (2.32)
Age × Risk ( ˆβ10) −.26+ (.13)
Age × Treatment ( ˆβ11) −.03 (.15)
Age × Treatment × Risk ( ˆβ12) .02 (.27)
Academic development. There were five academic development outcomes in this
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study: WJR-LW, ARS-LL, ARS-Overall, grade retention, and special education service
referral. Although the higher-quality preK education had positive influences on all academic
outcomes, none of the effects was statistically significant ( ˆβ8 = 1.75 for WJR-LW, ˆβ8 = .07
for ARS-LL and ARS-Overall, and ˆβ8 = −.26 for grade retention, and ˆβ8 = −.33 for spe-
cial education referral). At-risk children underperformed their not-at-risk counterparts in
WJR-LW ( ˆβ7 =−5.16, p < .05), ARS-LL ( ˆβ7 = −.31, p < .001) and ARS-Overall scores
( ˆβ7 = −.24, p < .01). Although none of the treatment by risk interaction effects were sta-
tistically significant, four of the five coefficients were in the direction suggesting that at-risk
children might benefit more in improving their WJR-LW scores ( ˆβ9 = 1.44), academic rat-
ings ( ˆβ9 = .05 for ARS-LL, and ˆβ9 = .07 for ARS-Overall), and reducing the likelihood of
grade retention ( ˆβ9 =−.01) and special education service referral ( ˆβ9 =−.37).
Among all the model covariates, baseline intelligence score was proven to be a signif-
icant predictor of all five later academic outcomes. Higher baseline intelligence scores were
associated with higher WJR-LW scores ( ˆβ3 = .34, p< .001), academic ratings ( ˆβ3 = .02, p<
.001 for ARS-LL, and ˆβ3 = .02, p < .001 for ARS-Overall), and lower odds of grade reten-
tion ( ˆβ3 = −.01, p < .1) and special education service referral ( ˆβ3 =−.01, p < .05). A high
maternal sensitivity score was positively associated with good performance in WJR-LW
( ˆβ5 = 1.36, p < .05), ARS-LL ( ˆβ5 = .06, p < .01), and ARS-Overall ( ˆβ5 = .05, p < .01).
Finally, there was a significant developmental trend in the two academic rating outcomes.
As study participants grew up, their ARS-LL ( ˆβ6 = .09, p < .001) and ARS-Overall scores
( ˆβ6 = .05, p < .001) continued to improve.
105
Table 4.37: Comparison 1 Results for Academic Outcomes
WJR-LW ARS-LL ARS-Overall Retention Referral
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 463.93∗∗∗ (8.62) 1.05∗∗ (.33) .95∗∗ (.32) −.27 (.72) .93 (.76)
Male ( ˆβ1) .91 (1.52) −.17∗∗ (.06) −.07 (.05) .19 (.22) .12 (.17)
Minority ( ˆβ2) −4.7∗ (1.99) −.08 (.08) −.04 (.08) .04 (.3) .08 (.21)
Baseline intelligence ( ˆβ3) .34∗∗∗ (.06) .02∗∗∗ (.002) .02∗∗∗ (.002) −.01+ (.01) −.01∗ (.01)
Neighborhood ( ˆβ4) −.07 (.59) .004 (.03) .01 (.02) −.04 (.07) −.07 (.06)
Maternal sensitivity ( ˆβ5) 1.36∗ (.53) .06∗∗ (.02) .05∗∗ (.02) −.06 (.05) .01 (.05)
Age ( ˆβ6) N/A .09∗∗∗ (.01) .05∗∗∗ (.01) .1 (.1) −.13 (.09)
At-risk status ( ˆβ7) −5.16∗ (2.34) −.31∗∗∗ (.09) −.24∗∗ (.09) .25 (.42) .34 (.28)
Treatment ( ˆβ8) 1.75 (2.39) .07 (.08) .07 (.08) −.26 (.43) −.33 (.34)
Treatment × Risk ( ˆβ9) 1.44 (3.77) .05 (.13) .07 (.13) −.01 (.75) −.37 (.5)
Age × Risk ( ˆβ10) N/A −.02 (.02) −.003 (.03) .06 (.14) .001 (.11)
Age × Treatment ( ˆβ11) N/A −.005 (.02) −.01 (.02) .18 (.19) .003 (.13)
Age × Treatment × Risk ( ˆβ12) N/A .03 (.04) .04 (.05) .02 (.37) .09 (.24)
Behavioral development. I did not find convincing evidence that higher-quality preK
education had a significant long-term positive effect on any of the four behavioral devel-
opment outcomes. What was more, although the treatment did not have any statistically
significant effect on the outcomes, the treatment group seemed to have slightly higher BEX
( ˆβ8 = .09). These results echo with previous studies that found children who spent the ma-
jority of their time in preschool appeared to have more behavioral problems than those who
used less or no preschool service (Belsky, 1986, 2001; Clarke-Stewart & Fein, 1983). The
at-risk group was estimated to have significantly higher BEX ( ˆβ7 = 3.12, p < .01), BIN
( ˆβ7 = 2.1, p < .05), and DBD scores ( ˆβ7 = 5.46, p < .05) than the not-at-risk group. The
treatment by risk interaction appeared to be statistically insignificant across all four models.
Nonetheless, the parameter estimates for BEX and DBD were −.98 and −2.71 respectively,
suggesting that higher-quality preK education might moderate negative effects of at-risk sta-
tus on behavioral problems measured by these two outcomes.
When looking at effects of covariates on behavioral development outcomes, I found
that while males were estimated to have fewer externalizing behavioral problems perceived
by mothers (BEX) than females ( ˆβ1 = −1.7, p < .05), they were rated by teachers to have
much more in disruptive behaviors (DBD) than their female counterparts ( ˆβ1 = 6.53, p <
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.001). Similarly, contradictory effects of minority status on these two outcomes were also de-
tected ( ˆβ2 =−1.86 for BEX, and ˆβ2 = 4.59, p < .01 for DBD). Since both assessment tools
measured similar constructs (BEX measured children’s delinquent and aggressive behaviors,
and DBD measured hyperactivity, inattentiveness, and oppositional defiant behaviors), I ex-
pected to have consistent analytic results for these two outcomes. As a result, drastically
differential effects of gender and minority status on BEX and DBD surprised me and raised
my attention. This could be due to possibilities that children acted differently at home and
in school, or parents and teachers had differential perceptions of children’s behaviors. Chil-
dren’s baseline intelligence had universally negative associations with all four outcomes, and
exerted significant or nearly significant effects on DBD ( ˆβ3 =−.11, p < .01) and Depression
scores ( ˆβ3 = −.01, p < .05). The results provided some evidence that higher baseline intel-
ligence ability predicted fewer behavioral problems. Higher neighborhood scores also pre-
dicted fewer behavioral problems, and had significant effects on both outcomes reported by
mothers (( ˆβ4 =−.77, p < .01 for BEX, and ˆβ4 =−.71, p < .05 for BIN). Also, there seemed
to be clear developmental trends in three outcomes. As study participants grew up, they were
observed to have lower BEX ( ˆβ6 = −.47, p < .001) and DBD scores ( ˆβ6 = −.98, p < .05),
but higher Depression scores ( ˆβ6 = .17, p < .01).
Table 4.38: Comparison 1 Results for Behavioral Outcomes
BEX BIN DBD Depression
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 59.77∗∗∗ (3.84) 56.76∗∗∗ (3.4) 27.08∗∗∗ (4.86) 2.56∗∗ (.78)
Male ( ˆβ1) −1.7∗ (.68) −.46 (.7) 6.53∗∗∗ (.94) −.58∗∗ (.19)
Minority ( ˆβ2) −1.86 (1.18) −2.95∗∗ (1.05) 4.59∗∗ (1.62) −.28 (.23)
Baseline intelligence ( ˆβ3) −.03 (.03) −.04 (.03) −.11∗∗ (.04) −.01∗ (.01)
Neighborhood ( ˆβ4) −.77∗∗ (.25) −.71∗ (.27) −.32 (.38) −.09+ (.05)
Maternal sensitivity ( ˆβ5) −.08 (.21) .11 (.2) −.35 (.31) .05 (.05)
Age ( ˆβ6) −.47∗∗∗ (.08) −.08 (.06) −.98∗ (.4) .17∗∗ (.05)
At-risk status ( ˆβ7) 3.12∗∗ (1.02) 2.1∗ (.96) 5.46∗ (1.99) .16 (.37)
Treatment ( ˆβ8) .09 (1.1) −.47 (.98) −.93 (1.52) −.31 (.3)
Treatment × Risk ( ˆβ9) −.98 (2.02) .26 (1.87) −2.71 (3.93) .15 (.65)
Age × Risk ( ˆβ10) −.003 (.1) −.02 (.11) −.9 (.65) −.05 (.08)
Age × Treatment ( ˆβ11) .03 (.16) .13 (.11) .51 (.62) .07 (.07)
Age × Treatment × Risk ( ˆβ12) −.12 (.26) .07 (.18) .4 (1.26) −.06 (.14)
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Resilience development. My series of analysis failed to find evidence that higher-
quality preK education had enduring beneficial effects on promoting resilience develop-
ment of study participants. The treatment did not have a significant effect on any of the
10 resilience developmental outcomes. Also, considering the sample standard deviations
of these measures, the effect sizes of the treatment were really slim. What was more, un-
like the results for previous outcome variables, I found that treatment status was not al-
ways associated with better resilience development outcomes. The at-risk group demon-
strated lower performance in all resilience development outcomes. More specifically, they
had significantly lower TCRelation scores indicating less positive teacher-child relation-
ships ( ˆβ7 =−2.21, p < .001), and significantly higher NegPeer scores indicating more neg-
ative peer interactions ( ˆβ7 = .09, p < .05) than their more advantaged peers. Examinations
of treatment by risk interaction parameter estimates did not result in consistent evidence that
higher-quality preK education had differential effects on children of different at-risk statuses.
Females consistently out-performed their male counterparts in the developmental tasks
measured by the 10 outcome variables. They had significantly higher TCRelation scores
( ˆβ1 =−3.74, p< .001), higher FriendQ scores ( ˆβ1 =−.28, p< .001), lower NegPeer scores
( ˆβ1 = .08, p < .01), higher PeerPress scores ( ˆβ1 = −1.77, p < .001) indicating stronger
abilities to resist peer pressure, and fewer risk-taking behaviors reported by mothers ( ˆβ1 =
1.32, p < .01) and by themselves ( ˆβ1 = 2.16, p < .001). Minority children were shown to
have disadvantages in having good relationships with their teachers ( ˆβ2 =−2.91, p < .001),
but they perceived themselves to be more capable of standing up to peer pressure ( ˆβ1 =
1.1, p < .1) than did their Caucasian peers. Baseline intelligence had positive associations
with all of the outcomes. Higher baseline intelligence scores predicted significantly higher
FriendQ scores ( ˆβ2 = .005, p < .01), lower Lonely scores ( ˆβ2 = −.1, p < .001) indicating
less lonely feelings, lower NegPeer scores ( ˆβ2 =−.003, p < .001), higher Attention scores
( ˆβ2 = .05, p < .05), and higher PsyMature scores ( ˆβ2 = −.004, p < .001) indicating higher
degrees of psychological maturity.
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Table 4.39: Comparison 1 Results for Resilience Outcomes
TCRelation FriendQ Lonely NegPeer PeerPress
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 59.37∗∗∗ (2.68) 3.76∗∗∗ (.26) 35.85∗∗∗ (2.6) .76∗∗∗ (.12) 26.58∗∗∗ (1.84)
Male ( ˆβ1) −3.74∗∗∗ (.49) −.28∗∗∗ (.04) −.07 (.51) .08∗∗ (.03) −1.77∗∗∗ (.4)
Minority ( ˆβ2) −2.91∗∗ (.81) .12 (.07) .22 (.83) .04 (.04) 1.1+ (.59)
Baseline Intelligence ( ˆβ3) .03 (.02) .005∗∗ (.002) −0.1∗∗∗ (.02) −.003∗∗ (.001) .02 (.02)
Neighborhood ( ˆβ4) .29 (.19) .01 (.02) −.37+ (.2) −.02+ (.01) .06 (.13)
Maternal sensitivity ( ˆβ5) .09 (.16) −.02 (.01) .21 (.18) −.004 (.01) .05 (.12)
Age ( ˆβ6) −.71∗∗∗ (.11) .03∗∗ (.01) .07 (.12) .003 (.01) N/A
At-risk status ( ˆβ7) −2.21∗∗ (.75) −.02 (.08) 1.38+ (.79) .09∗ (.03) .69 (.56)
Treatment ( ˆβ8) .4 (.76) −.1 (.07) .43 (.63) −.06 (.04) −.22 (.52)
Treatment × Risk ( ˆβ9) .68 (1.66) −.11 (.11) 1.02 (1.29) −.05 (.09) .02 (.82)
Age × Risk ( ˆβ10) −.04 (.23) −.004 (.01) −.25 (.19) −.01 (.01) N/A
Age × Treatment ( ˆβ11) .08 (.22) .01 (.01) .17 (.17) .02 (.01) N/A
Age × Treatment × Risk ( ˆβ12) .44 (.49) −.003 (.02) .16 (.32) .01 (.03) N/A
Attention Impulse RiskTake-C RiskTake-M PsyMature
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 77.05∗∗∗ (3.43) 2.49∗∗∗ (.52) 9.76∗∗∗ (2.45) 10.87∗∗∗ (2.3) 2.8∗∗∗ (.18)
Male ( ˆβ1) −.32 (.63) −.07 (.08) 2.16∗∗∗ (.58) 1.32∗∗ (.46) −.02 (.03)
Minority ( ˆβ2) −.87 (.83) .03 (.14) 2.29∗∗ (.71) −.61 (.62) .07 (.06)
Baseline intelligence ( ˆβ3) .05∗ (.02) .01 (.005) −.03 (.02) −.003 (.02) .004∗∗ (.001)
Neighborhood ( ˆβ4) .05 (.23) .01 (.03) −.29 (.21) −.21 (.17) .02 (.01)
Maternal sensitivity ( ˆβ5) .3 (.19) .01 (.03) −.002 (.16) −.2 (.14) .002 (.01)
Age ( ˆβ6) N/A N/A N/A N/A N/A
At-risk status ( ˆβ7) −1.3 (.89) −.08 (.12) .92 (.8) .87 (.65) −.06 (.05)
Treatment ( ˆβ8) .09 (.83) −.11 (.14) .002 (.73) .28 (.58) .001 (.05)
Treatment × Risk ( ˆβ9) −.07 (1.37) .19 (.23) −.45 (1.42) −.3 (1.3) −.01 (.1)
Results for Research Question 3 and 4: Main and interactional effects of higher-
quality preK - 3rd education
My third research question focused on potential effects of higher-quality preK - 3rd ed-
ucation on children’s developmental outcomes. The fourth research question asked whether
higher-quality preK - 3rd education had differential effects on at-risk and not-at-risk chil-
dren. To answer both questions, the dataset prepared for Comparison 2 (preK - 3rd versus
control group) was used. There is a scarcity of empirical studies on this topic in the litera-
ture. A number of scholars have hypothesized that higher-quality early childhood education
programs that were more intense and covered a longer period of time than a one-year preK
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program might be needed to have enduring positive effects on children’s development (Cur-
rie & Thomas, 1995, 1999; Lee & Loeb, 1995). My analyses were able to provide some
evidence to support that proposition. However, there was no consistent evidence that at-
risk children benefited significantly more from higher-quality preK - 3rd education than their
more advantaged peers did. Table (4.40)-(4.43) presents the relevant analysis results. For
the convenience of describing my findings, study participants who were defined to receive
higher-quality preK - 3rd education were called the preK - 3rd group in the following para-
graphs. A table of treatment effect sizes on all continuous outcome variables is also provided
in Appendix (I).
Cognitive development. Compared with the control group, the preK - 3rd group did
not have a significantly higher achievement in WJR-PV. However, the direction of the treat-
ment effect estimate ( ˆβ8 = 1.67) was still consistent with the study hypothesis regarding
higher-quality preK - 3rd education’s beneficial influences. At-risk children were at a clear
disadvantage in terms of the cognitive outcome. They scored 4.26 points lower (p < .001)
than their more advantaged peers. The negative influence of being at-risk enlarged as chil-
dren grew up ( ˆβ10 = −.33, p < .01). The treatment by risk interaction effect appeared to
be statistically insignificant. Nonetheless, the parameter estimate ( ˆβ9 = 1.57) indicated that
at-risk children might benefit more from higher-quality preK - 3rd education than did their
more advantaged peers.
When inspecting the effects of covariates on the outcome measure, I saw that male
participants had a significant advantage over the female ones ( ˆβ1 = 3.54, p < .001). Also,
Caucasian children scored significantly higher than their minority peers ( ˆβ2 = −2.72, p <
.05). Unsurprisingly, baseline intelligence score measured had positive associations with
WJR-PV ( ˆβ3 = .28, p < .001). Maternal sensitivity had significantly positive association
with the outcome ( ˆβ5 = .75, p < .001). Also, a clear developmental trend was detected in the
outcome ( ˆβ6 = 2.9, p < .001).
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Table 4.40: Comparison 2 Results for Cognitive Outcomes
WJR-PV
Est. (S.E.)
Intercept ( ˆβ0) 462.86∗∗∗ (3.21)
Male ( ˆβ1) 3.54∗∗∗ (.64)
Minority ( ˆβ2) −2.72∗ (1.04)
Baseline intelligence ( ˆβ3) .28∗∗∗ (.03)
Neighborhood ( ˆβ4) .04 (.24)
Maternal sensitivity ( ˆβ5) .75∗∗∗ (.21)
Age ( ˆβ6) 2.9∗∗∗ (.07)
At-risk status ( ˆβ7) −4.26∗∗∗ (.97)
Treatment ( ˆβ8) 1.67 (1.07)
Treatment × Risk ( ˆβ9) 1.57 (2.29)
Age × Risk ( ˆβ10) −.33∗∗ (.11)
Age × Treatment ( ˆβ11) .1 (.16)
Age × Treatment × Risk ( ˆβ12) .04 (.29)
Academic development. In the area of academic development, higher-quality preK
- 3rd education was significantly associated with higher achievement in WJR-LW ( ˆβ8 =
2.86, p < .05). Based on the corresponding descriptive statistics, the higher-quality preK
- 3rd education was responsible for about .16 standard deviation of improvement in WJR-
LW score at age 10. The preK - 3rd group also had an advantage over its control group
on ARS-Overall ( ˆβ8 = .13, p < .1). Based on the sample standard deviation of ARS-
Overall, the higher-quality longitudinal early education experience was responsible for about
.14 of standard deviation of improvement. Although higher-quality preK - 3rd education
did not have a significantly positive effect on reducing the possibilities of grade retention
( ˆβ8 = −.39) and special education referral ( ˆβ8 = −.18), the direction of the treatment pa-
rameter estimates were consistent with my study hypothesis. At-risk children had signif-
icant disadvantages in three out of the five academic outcomes. They had lower WJR-
LW scores ( ˆβ7 = −5.18, p < .05), were rated to be less academically proficient by teachers
( ˆβ7 =−.3, p < .01 for ARS-LL, and ˆβ7 =−.21, p < .05 for ARS-Overall), and were more
likely to be referred to special education service ( ˆβ7 = .54, p < .01). The treatment by risk
interaction effects were largely minute indicating no evidence that at-risk children gained a
significantly larger boost in academic development than their more advantaged peers from
111
higher-quality preK - 3rd education experiences.
Minority children scored significantly lower in WJR-LW ( ˆβ2 = −4.03, p < .05) and
ARS-LL ( ˆβ2 = −.17, p < .05). Baseline intelligence scores were proven to be a significant
predictor across all five academic outcomes. Higher baseline intelligence scores predicted
better later academic outcomes ( ˆβ3 = .37, p < .001 for WJR-LW, ˆβ3 = .02, p < .001 for
ARS-LL and ARS-Overall, ˆβ3 = −.01, p < .05 for grade retention, and ˆβ3 = −.02, p <
.01 for special education referral). Maternal sensitivity was also positively associated with
WJR-LW ( ˆβ5 = 1.13, p< .01), ARS-LL ( ˆβ5 = .04, p< .05), and ARS-Overall scores ( ˆβ5 =
.03, p < .1).
Table 4.41: Comparison 2 Results for Academic Outcomes
WJR-LW ARS-LL ARS-Overall Retention Referral
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 463.58∗∗∗ (5.32) 1.18∗∗∗ (.24) 1.1∗∗∗ (.26) −.75 (.67) 1.11+ (.59)
Male ( ˆβ1) 2.16∗ (1.09) −.08+ (.05) .03 (.05) .28 (.19) .2 (.12)
Minority ( ˆβ2) −4.03∗ (1.64) −.17∗ (.07) −.11 (.07) .05 (.19) .06 (.19)
Baseline intelligence ( ˆβ3) .37∗∗∗ (.05) .02∗∗∗ (.002) .02∗∗∗ (.002) −.01∗ (.01) −.02∗∗ (.005)
Neighborhood ( ˆβ4) −.03 (.43) .001 (.02) .01 (.02) −.05 (.06) −.03 (.05)
Maternal sensitivity ( ˆβ5) 1.13∗∗ (.4) .04∗ (.02) .03+ (.02) −.03 (.05) .001 (.04)
Age ( ˆβ6) N/A .08∗∗∗ (.02) −.04+ (.02) .02 (.08) −.15∗ (.05)
At-risk status ( ˆβ7) −5.18∗ (1.81) −0.3∗∗ (.09) −.21∗ (.08) .39 (.29) .55∗∗ (.2)
Treatment ( ˆβ8) 2.86∗ (1.36) .11 (.07) .13+ (.07) −.39 (.36) −.18 (.23)
Treatment × Risk ( ˆβ9) .81 (2.92) .03 (.16) .01 (.16) .15 (.52) .14 (.43)
Age × Risk ( ˆβ10) N/A −.02 (.03) −.06 (.04) .02 (.12) −.07 (.08)
Age × Treatment ( ˆβ11) N/A .03 (.03) −.02 (.04) .04 (.15) −.03 (.12)
Age × Treatment × Risk ( ˆβ12) N/A .002 (.05) .01 (.08) −.01 (.26) −.07 (.2)
Behavioral development. I was able to detect some evidence that higher-quality preK -
3rd education experience was beneficial in improving children’s behavioral development. The
preK - 3rd group was predicted to have lower BEX scores ( ˆβ8 =−1.63, p< .05) than the con-
trol group, and the effect size of the treatment was about .16. Also, higher-quality education
experience was effective in reducing study participants’ DBD scores ( ˆβ8 = −1.94, p < .05)
with an effect size of .14. Although the treatment effects on reducing BIN and Depres-
sion scores were not statistically significant, the directions of both parameter estimates were
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consistent with the relevant study hypothesis. At-risk children were found to have sig-
nificantly higher BEX ( ˆβ7 = 3.83, p < .001), BIN ( ˆβ7 = 1.97, p < .05), and DBD scores
( ˆβ7 = 6.64, p < .001). Evidence that indicated differential effects of higher-quality preK -
3rd education for at-risk and not-at-risk study participants was minimal. None of the treat-
ment by risk interaction effects were statistically significant. Further, the directions of these
parameter estimates were not consistent with the hypothesis that at-risk children might reap
more benefits from the higher-quality education experience than their more advantaged peers.
Similar to the analytic results for the first two research questions, I saw that males
were estimated to have lower BEX ( ˆβ1 = −1.51, p < .01) and Depression scores ( ˆβ1 =
−.49, p < .001) than females , but they scored higher in DBD ( ˆβ1 = 5.55, p < .001). Also,
conflicting results were found in effects of minority status on mother-rated BEX, BIN scores
( ˆβ2 = −1.5, p < .1, and ˆβ2 = −2.14, p < .05 respectively), and teacher-rated DBD scores
( ˆβ2 = 3.19, p < .05). Results showed that higher children’s baseline intelligence scores pre-
dicted fewer problematic behaviors. The effect estimates for all four outcomes were statisti-
cally significant. However, the effect sizes were relatively moderate. For example, one stan-
dard deviation increase in baseline intelligence score (15 points) predicted 1.2 points decrease
in BEX, which translated into an effect size of .12. Higher neighborhood environment scores
predicted lower BEX ( ˆβ4 = −.68, p < .001), BIN ( ˆβ4 = −.63, p < .01), and Depression
scores ( ˆβ4 =−.09, p< .05). Also, there seemed to be clear developmental trends in three out-
comes. As study participants grew up, they were observed to have fewer externalizing behav-
ioral problems ( ˆβ6 =−.26, p < .01), internalizing behavioral problems ( ˆβ6 =−.3, p < .001),
and teacher observed disruptive behaviors ( ˆβ6 =−.81, p < .01). However, study participants
reported more depressed feelings as they grew older ( ˆβ6 = .15, p < .001).
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Table 4.42: Comparison 2 Results for Behavioral Outcomes
BEX BIN DBD Depression
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 60.22∗∗∗ (2.58) 57.6∗∗∗ (2.55) 25.44∗∗∗ (3.41) 3∗∗∗ (.6)
Male ( ˆβ1) −1.51∗∗ (.56) −0.9+ (.51) 5.55∗∗∗ (.77) −.49∗∗∗ (.13)
Minority ( ˆβ2) −1.5+ (.9) −2.14∗ (.85) 3.19∗ (1.21) −.06 (.18)
Baseline intelligence ( ˆβ3) −.08∗∗ (.02) −.05∗ (.02) −.13∗∗∗ (.03) −.01∗ (.004)
Neighborhood ( ˆβ4) −.68∗∗∗ (.18) −.63∗∗ (.19) −.14 (.31) −.09∗ (.04)
Maternal sensitivity ( ˆβ5) .01 (.17) .13 (.16) −.06 (.23) −.01 (.05)
Age ( ˆβ6) −.26∗∗ (.07) −0.3∗∗∗ (.07) −.81∗∗ (.24) .15∗∗∗ (.03)
At-risk status ( ˆβ7) 3.83∗∗∗ (.85) 1.97∗ (.76) 6.64∗∗∗ (1.31) .05 (.27)
Treatment ( ˆβ8) −1.63∗ (.79) −.93 (.85) −1.94∗ (.92) .02 (.26)
Treatment × Risk ( ˆβ9) .79 (1.35) .05 (1.37) .32 (2.38) .44 (.52)
Age × Risk ( ˆβ10) −.04 (.1) −0.1 (.11) −.58 (.49) −.05 (.07)
Age × Treatment ( ˆβ11) .01 (.11) −.03 (.13) .05 (.45) −.01 (.06)
Age × Treatment × Risk ( ˆβ12) −.18 (.25) −.05 (.27) .11 (1.01) −.12 (.11)
Resilience development. There was some evidence that the higher-quality preK - 3rd
education could promote children’s resilience development in the long run. The higher-
quality education experience was effective in improving study participants’ TCRelation
scores ( ˆβ8 = 1.69, p< .05) and reducing their NegPeer scores indicating fewer negative inter-
actions with their peers ( ˆβ8 =−.05, p < .1). Both treatment effect estimates approached sta-
tistical significance, and was estimated to improve .18 and .13 standard deviation of TCRe-
lation and NegPeer scores respectively. Also, RiskTake-C scores were predicted to be .94
(p < .05) lower for the preK - 3rd group than the control group on average. The effect size
was approximately .09. The treatment effects for all other resilience outcomes were statis-
tically insignificant. However, the insignificant associations between the treatment and all
other resilience outcomes largely suggested positive treatment effects, although some coeffi-
cients translated into small effect sizes considering the scales of the corresponding outcome
measures. At-risk status did not show clear significant negative effects on the resilience
outcomes as it did on all previous outcomes. It predicted poorer teacher-child relationships
( ˆβ7 =−3.55, p < .001), more lonely feelings ( ˆβ7 = 2.14, p < .05), more negative peer inter-
actions ( ˆβ7 = .11, p< .001), less abilities to sustain attention ( ˆβ7 =−1.34, p< .05), more risk
taking behaviors reported both by participants’ mothers and themselves ( ˆβ7 = 1.46, p < .05
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for RiskTake-M, and ˆβ7 = 1.03, p < .1 for RiskTake-C) under or approaching statistical
significance level of .05. Examinations of treatment by risk interaction parameter estimates
did not find evidence that the higher-quality education experience had differential effects on
children of different at-risk statuses.
Females appeared to consistently outperform their male peers on the 10 ten outcomes.
They had significantly better teacher-child relationships ( ˆβ1 = −3.7, p < .001), better re-
lationships with their peers ( ˆβ1 = −.28, p < .001 for FriendQ, and ˆβ1 = .06, p < .01 for
NegPeer scores), stronger ability to resist peer pressure ( ˆβ1 = −1.53, p < .001), and fewer
risk-taking behaviors reported by mothers ( ˆβ1 = 1.29, p < .001) and by themselves ( ˆβ1 =
1.84, p < .001). Minority children were shown to have disadvantages in TCRelation ( ˆβ2 =
−2.12, p < .01), and RiskTake-C scores ( ˆβ2 = 2.1, p < .001) over their Caucasian peers.
Baseline intelligence had positive associations with most outcomes. Higher baseline intel-
ligence scores predicted significantly better teacher-child relationships ( ˆβ3 = .04, p < .05),
peer relationships ( ˆβ3 = .003, p < .05 for FriendQ, ˆβ3 = −.09, p < .001 for Lonely, and
ˆβ3 =−.003, p < .001 for Negpeer scores), greater sustained attention abilities ( ˆβ3 = .07, p <
.001), higher abilities to control impulses ( ˆβ3 = .01, p < .05), and higher degrees of psycho-
logical maturity ( ˆβ3 = .004, p < .01). Good neighborhood environment helped significantly
reduce study participants’ feeling of loneliness ( ˆβ3 =−.5, p < .01), and RiskTake-M scores
( ˆβ3 =−.28, p < .05).
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Table 4.43: Comparison 2 Results for Resilience Outcomes
TCRelation FriendQ Lonely NegPeer PeerPress
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 60.54∗∗∗ (2.01) 3.97∗∗∗ (.14) 38.58∗∗∗ (2.32) .74∗∗∗ (.08) 27.46∗∗∗ (1.38)
Male ( ˆβ1) −3.7∗∗∗ (.44) −.28∗∗∗ (.03) .11 (.47) .06∗∗ (.02) −1.53∗∗∗ (.27)
Minority ( ˆβ2) −2.12∗∗ (.71) .02 (.05) .46 (.75) .01 (.03) .72+ (.43)
Baseline intelligence ( ˆβ3) .04∗ (.02) .003∗ (.001) −.09∗∗∗ (.02) −.003∗∗∗ (.001) .02 (.01)
Neighborhood ( ˆβ4) .14 (.15) .01 (.01) −0.5∗∗ (.16) −.01+ (.01) .02 (.12)
Maternal sensitivity ( ˆβ5) −.002 (.15) −.01 (.01) .16 (.16) 0 (.01) .03 (.09)
Age ( ˆβ6) −.61∗ (.21) .03∗∗∗ (.01) −.36∗∗ (.11) .005 (.01) N/A
At-risk status ( ˆβ7) −3.55∗∗∗ (.69) .05 (.06) 2.14∗ (.81) .11∗∗∗ (.03) .83 (.38)
Treatment ( ˆβ8) 1.69∗∗ (.61) −.01 (.05) −.14 (.82) −.05+ (.03) .08 (.32)
Treatment × Risk ( ˆβ9) 1.35 (1.48) .004 (.08) 1.11 (1.68) −.02 (.05) .36 (.61)
Age × Risk ( ˆβ10) .2 (.3) −.004 (.01) −0.6∗∗ (.17) .01 (.01) N/A
Age × Treatment ( ˆβ11) −.47 (.37) −.01 (.01) .1 (.2) .01 (.01) N/A
Age × Treatment × Risk ( ˆβ12) −.62 (.75) −.02 (.02) −.11 (.34) .03 (.02) N/A
Attention Impulse RiskTake-C RiskTake-M PsyMature
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 77.95∗∗∗ (2.45) 2.67∗∗∗ (.37) 9.25∗∗∗ (1.87) 10.69∗∗∗ (1.73) 2.84∗∗∗ (.12)
Male ( ˆβ1) −.31 (.44) −.11 (.07) 1.84∗∗∗ (.39) 1.29∗∗∗ (.36) −.01 (.03)
Minority ( ˆβ2) −1.01 (.66) −.02 (.11) 2.1∗∗∗ (.5) −.83+ (.47) .04 (.04)
Baseline intelligence ( ˆβ3) .07∗∗∗ (.02) .01∗ (.003) −.02 (.01) −.01 (.01) .004∗∗ (.001)
Neighborhood ( ˆβ4) .12 (.15) .02 (.03) −.26 (.16) −.28∗ (.12) .01 (.01)
Maternal sensitivity ( ˆβ5) .11 (.15) .02 (.02) −.08 (.13) −.1 (.1) .01 (.01)
Age ( ˆβ5) N/A N/A N/A N/A N/A
At-risk status ( ˆβ6) −1.34∗ (.57) −.14 (.1) 1.03+ (.57) 1.46∗∗∗ (.41) −.02 (.04)
Treatment ( ˆβ7) .36 (.5) .1 (.07) −.94∗ (.43) −.51 (.43) .04 (.03)
Treatment × Risk ( ˆβ8) −.38 (1.07) .07 (.16) −.49 (.91) .67 (.85) .04 (.06)
Results for Research Question 5: Additional benefits of higher-quality early elemen-
tary education on top of higher-quality preK programs
Analyses for the last research question investigated potential added benefits of higher-
quality early elementary education on top of higher-quality preK experience. The dataset
prepared for Comparison 3 (preK - 3rd versus preK group) was analyzed to answer this ques-
tion. To some extent, the question was already answered indirectly by the analytic results in
the previous two sections. The prior results showed that while higher-quality preK education
alone was unlikely to have positive effects on children’s long-term development, there was
clear evidence that children could reap long-lasting benefits from higher-quality preK - 3rd
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education experience. As a result, it is logical to reason that additional higher-quality early
elementary education besides preK provided extra benefits for children. In order to find direct
evidence that supported the proposition, I conducted analyses that compared different devel-
opmental outcomes between the preK - 3rd group and the preK group in the SECC dataset.
Table (4.44)-(4.47) present the relevant analysis results. A table of treatment effect sizes on
all continuous outcome variables is also provided in Appendix (I).
Cognitive development. The higher-quality preK - 3rd group did not have a statis-
tically significant advantage over preK group in WJR-PV scores. However, the direction
of the treatment effect estimate ( ˆβ8 = 1.01) was consistent with the study hypothesis that
there should be additional benefits to continue offering higher-quality education experience
to children after preschool. At-risk children were at a significant disadvantage when com-
pared with their more advantaged peers ( ˆβ7 =−3.73, p < .01). The negative effect of at-risk
status increased as participants grew up ( ˆβ9 =−.39, p < .05).
Like previous results, male participants scored higher in the the cognitive task than the
female counterparts ( ˆβ1 = 3.66, p < .001). Unsurprisingly, the more advanced the baseline
cognitive abilities were, the higher the achievements were that participants would obtain
on MJR-PV ( ˆβ3 = .28, p < .001). Maternal sensitivity was positively associated with the
outcome ( ˆβ5 = .67, p < .05).
Table 4.44: Comparison 3 Results for Cognitive Outcomes
WJR-PV
Est. (S.E.)
Intercept ( ˆβ0) 463.6∗∗∗ 4.10
Male ( ˆβ1) 3.66∗∗∗ (.86)
Minority ( ˆβ2) −2.49+ (1.44)
Baseline intelligence ( ˆβ3) .28∗∗∗ (.03)
Neighborhood ( ˆβ4) −.02 (.31)
Maternal sensitivity ( ˆβ5) .67∗ (.32)
Age ( ˆβ6) 2.88∗∗∗ (.1)
At-risk status ( ˆβ7) −3.73∗∗ (1.33)
Treatment ( ˆβ8) 1.01 (1.24)
Age × Risk ( ˆβ9) −0.39∗ (.16)
Age × Treatment ( ˆβ10) .14 (.16)
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Academic development. The current analysis did not find convincing evidence that
the preK - 3rd education outperformed the preK group accounting for other covariates. Al-
though treatment status seemed to have positive influences on improving WJR-LW scores
( ˆβ8 = 1.33), both academic rating scores ( ˆβ8 = .02 for ARS-LL, and ˆβ8 = .04 for ARS-
Overall scores), and reducing the likelihood of grade retention ( ˆβ8 = −.18), none of the ef-
fects were statistically significant. At-risk children had significantly lower WJR-LW scores
( ˆβ7 =−4.49, p < .05), lower teacher-reported academic skills ( ˆβ7 =−.27, p < .01 for ARS-
LL, and ˆβ7 = −.18, p < .1 for ARS-Overall scores), and were more likely to experience
special service referral ( ˆβ7 = .54, p < .05).
Minority children were rated to have lower WJR-LW scores ( ˆβ2 = −4.56, p < .05),
and lower academic skills ( ˆβ2 = −.23, p < .01 for ARS-LL, ˆβ2 = −.16, p < .1 for ARS-
Overall scores) than their Caucasian peers. Baseline intelligence had significantly positive
effects on four of the five academic outcomes. Higher intelligence scores were associated
with better WJR-LW performance( ˆβ3 = .37, p < .001), higher academic skill ratings ( ˆβ3 =
.02, p< .001 for both ARS-LL and ARS-Overall scores), and lower likelihood to be referred
for special services ( ˆβ3 =−.01, p < .05).
Table 4.45: Comparison 3 Results for Academic Outcomes
WJR-LW ARS-LL ARS-Overall Retention Referral
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 463.74∗∗∗ (6.69) 1.27∗∗∗ (.28) 1.14∗∗∗ (.27) −.94 (.89) .71 (.67)
Male ( ˆβ1) 1.83 (1.48) −.07 (.06) .05 (.06) .35 (.24) .22 (.15)
Minority ( ˆβ2) −4.56∗ (2.18) −.23∗∗ (.08) −.16+ (.08) .04 (.25) .05 (.23)
Baseline intelligence ( ˆβ3) .37∗∗∗ (.06) .02∗∗∗ (.002) .02∗∗∗ (.002) −.01 (.01) −.01∗ (.01)
Neighborhood ( ˆβ4) .41 (.52) .004 (.02) .01 (.02) −.04 (.07) −.03 (.05)
Maternal sensitivity ( ˆβ5) .84+ (.49) .04+ (.02) .04+ (.02) −.05 (.06) .01 (.04)
Age ( ˆβ6) N/A .07∗∗∗ (.02) −.05+ (.03) .11 (.09) −.15+ (.08)
At-risk status ( ˆβ7) −4.49∗ (2) −.27∗∗ (.1) −.18+ (.1) .44 (.35) .54∗ (.25)
Treatment ( ˆβ8) 1.33 (1.97) .02 (.1) .04 (.1) −.18 (.37) .05 (.26)
Age × Risk ( ˆβ9) N/A −.02 (.04) −.05 (.05) .03 (.14) −.06 (.11)
Age × Treatment ( ˆβ10) N/A .04 (.04) 0 (.05) −.14 (.15) −.005 (.13)
Behavioral development. There was evidence that higher-quality early elementary
education following preK experience provided significantly extra benefits for children in their
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behavioral development. Compared with the preK group, the preK - 3rd group was found to
have significantly lower BEX scores ( ˆβ8 =−2.66, p < .05), and the effect size of additional
improvement that higher-quality early elementary education brought was about .27. At-risk
children scored significantly higher in BEX ( ˆβ7 = 3.67, p < .001) and DBD ( ˆβ7 = 6.46, p <
.001) than their not-at-risk peers.
The estimated effects of model covariates on the outcomes were largely consistent with
corresponding results obtained from previous two comparisons. Teachers rated their male
students to have significantly more disruptive behaviors than females ( ˆβ1 = 5.15, p < .001),
but male study participants were reported to have fewer behavioral problems by their mothers
( ˆβ1 =−1.72, p< .05 for BEX), and felt less depressed ( ˆβ1 =−.46, p< .01). Higher baseline
intelligence scores were associated with fewer behavioral problems across the board.
Table 4.46: Comparison 3 Results for Behavioral Outcomes
BEX BIN DBD Depression
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 61.51∗∗∗ (3.47) 56.54∗∗∗ (3.38) 26.4∗∗∗ (4.22) 2.83∗∗∗ (.65)
Male ( ˆβ1) −1.72∗ (.69) −1.09 (.66) 5.15∗∗∗ (.94) −.46∗∗ (.16)
Minority ( ˆβ2) −1.55 (1.07) −1.49 (1.05) 2.8∗ (1.33) −.11 (.23)
Baseline intelligence ( ˆβ3) −.09∗∗ (.03) −.05+ (.03) −.15∗∗∗ (.03) −.01+ (.01)
Neighborhood ( ˆβ4) −0.6+ (.31) −.51+ (.3) −.04 (.39) −.06 (.06)
Maternal sensitivity ( ˆβ5) .05 (.22) .09 (.22) −.06 (.3) −.03 (.05)
Age ( ˆβ6) −0.3∗ (.1) −.28∗∗ (.08) −.79∗ (.33) .16∗∗ (.05)
At-risk status ( ˆβ7) 3.67∗∗∗ (1.03) 1.9+ (.99) 6.46∗∗∗ (1.34) .29 (.29)
Treatment ( ˆβ8) −2.66∗ (1.01) −.69 (.92) −2.12 (1.29) .21 (.33)
Age × Risk ( ˆβ9) −.01 (.16) −.04 (.15) −.72 (.59) −.12+ (.06)
Age × Treatment ( ˆβ10) .1 (.16) −.06 (.15) .03 (.58) −.04 (.07)
Resilience development. In the area of resilience development, the preK - 3rd group
scored .23 point higher (p < .05) in the impulsive control task than the preK group, which
translated into an effect size of .26. The preK - 3rd group’s advantage over the preK group
in RiskTake-M also approached statistical significance ( ˆβ8 = −1.02, p < .1) with an effect
size of about .22. Differences between the two groups in the rest of the outcomes after
accounting for the model covariates did not reach statistical significance. Nonetheless, all
the regression coefficients suggested positive influences from additional higher-quality early
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elementary education experience. At-risk children did not make as much progress as their
more advantaged peers in teacher-child relationships ( ˆβ7 =−2.72, p< .05), peer interactions
( ˆβ7 = 2.92, p < .01 for Lonely, and ˆβ7 = .09, p < .01 for NegPeer), sustained attention
( ˆβ7 =−1.39, p < .05), and mother-rated risk taking behaviors ( ˆβ7 = 1.62, p < .01).
According to the results, male participants lagged behind in most of the 10 resilience
developmental criteria when comparing with their female counterparts. They had less suc-
cessful relationships with their teachers ( ˆβ1 =−3.64, p< .001), best friends ( ˆβ1 =−.28, p <
.001), and peers in general ( ˆβ1 = .05, p < .05). They were less able to resist peer pres-
sure ( ˆβ1 = −1.59, p < .001). Also, they were reported to have more risk taking behaviors
both by themselves ( ˆβ1 = 1.73, p < .01) and their mothers ( ˆβ1 = 1.48, p < .001). There
were positive associations between baseline intelligence and the resilience development out-
comes. Higher intelligence scores predicted significantly better teacher-child relationships
( ˆβ3 = .05, p < .05), less lonely feelings ( ˆβ1 = −.09, p < .001), fewer negative interactions
with peers ( ˆβ3 = −.004, p < .001), higher ability to sustain attention ( ˆβ3 = .06, p < .01)
and control impulses ( ˆβ3 = .01, p < .05), and a higher degree of psychological maturity
( ˆβ3 = .004, p < .01).
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Table 4.47: Comparison 3 Results for Resilience Outcomes
TCRelation FriendQ Lonely NegPeer PeerPress
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 61.32∗∗∗ (2.47) 3.98∗∗∗ (.18) 38.72∗∗∗ (2.57) .71∗∗∗ (.11) 28.1∗∗∗ (1.54)
Male ( ˆβ1) −3.64∗∗∗ (.55) −.28∗∗∗ (.03) .3 (.62) .05∗ (.02) −1.59∗∗∗ (.3)
Minority ( ˆβ2) −2.04∗ (.82) .02 (.06) .5 (1.09) .02 (.03) .76+ (.45)
Baseline intelligence ( ˆβ3) .05∗ (.02) .002+ (.001) −.09∗∗∗ (.02) −.004∗∗∗ (.001) .02 (.01)
Neighborhood ( ˆβ4) .09 (.2) .01 (.02) −.48∗ (.24) −.01 (.01) −.01 (.14)
Maternal sensitivity ( ˆβ5) −.06 (.2) −.01 (.01) .09 (.19) 0 (.01) −.01 (.1)
Age ( ˆβ6) −.92∗∗ (.26) .03∗∗∗ (.01) −.3∗ (.14) .01 (.01) N/A
At-risk status ( ˆβ7) −2.72∗ (1.03) .03 (.06) 2.92∗∗ (.99) .09∗∗ (.03) .84+ (.46)
Treatment ( ˆβ8) .12 (.91) .08 (.07) −.69 (.98) −.01 (.03) .24 (.43)
Age × Risk ( ˆβ9) .003 (.44) −.01 (.01) −.61∗ (.25) .01 (.01) N/A
Age × Treatment ( ˆβ10) .12 (.44) −.02 (.02) −.03 (.21) 0 (.01) N/A
Attention Impulse RiskTake-C RiskTake-M PsyMature
Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.) Est. (S.E.)
Intercept ( ˆβ0) 76.8∗∗∗ 2.81 2.54∗∗∗ .42 9.22∗∗∗ 2.29 11.22∗∗∗ 1.94 2.86∗∗∗ .14
Male ( ˆβ1) .01 (.49) −.16+ (.08) 1.73∗∗ (.51) 1.48∗∗∗ (.39) −.02 (.03)
Minority ( ˆβ2) −1.03 (.9) −.03 (.1) 1.35+ (.68) −1.02 (.64) .03 (.05)
Baseline intelligence ( ˆβ3) .06∗∗ (.02) .01∗ (.003) −.02 (.02) −.02 (.01) .004∗∗ (.001)
Neighborhood ( ˆβ4) .26 (.21) .002 (.03) −.15 (.18) −.31∗ (.13) .002 (.01)
Maternal sensitivity ( ˆβ5) .11 (.14) .04 (.02) −.06 (.15) −.06 (.13) .01 (.01)
Age ( ˆβ6) N/A N/A N/A N/A N/A
At-risk status ( ˆβ7) −1.39∗ (.65) −.04 (.1) 1.02 (.67) 1.62∗∗ (.51) −.01 (.04)
Treatment ( ˆβ8) .33 (.58) .23∗ (.11) −.91 (.6) −1.02+ (.53) .03 (.04)
Summary of analytic results
This investigation was primary motivated by five important research questions. With
the rich information collected by NICHD-SECC project, this study had its uniqueness in ef-
fect evaluations of higher-quality preK - 3rd education on children’s development in various
areas. What was more, one of the four studied developmental areas, resilience, has not been
widely studied in the current early childhood education effect study literature. Multiple im-
putation was used to handle the issue of missing data, a common problem with large-scale
datasets. Full matching, a propensity score matching technique, was adopted to facilitate
causal inference of higher-quality early education effects on children’s development. De-
pending on the natures and availabilities of various outcome variables, I constructed general
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linear models, linear mixed models, and generalized mixed models to estimate potential long-
term effects of higher-quality early education on child development.
My first set of analyses targeted at potential effects of higher-quality preK education
on children. I did not find convincing evidence that higher-quality preK education alone
had a long-lasting positive impact on study participants’ development. At-risk children were
found to lag behind their more advantaged peers significantly in most outcomes. The results
indicated that higher-quality preK education alone might not be capable of having signifi-
cant long-term positive influences and eliminating developmental gaps between at-risk and
not-at-risk children. This was consistent with findings from a majority of studies on publicly
available preK programs in the current literature (Karoly et al., 1998; Karoly, Kilburn & Can-
non, 2005). Some earlier studies found that at-risk children received more short-term benefits
from preK education experience than their more advantaged peers (Dearing, McCartney &
Taylor, 2009; Gormley Jr & Gayer, 2005). My current study extended the research scope to
investigation of differential long-term effects of higher-quality preK education for children
who were at risk and those not. Although the parameter estimates of higher-quality preK by
at-risk status interaction effects on most child outcomes were consistent with the hypothesis
that the higher-quality preK experience had more prominent long-term influences on at-risk
children than not-at-risk ones, none of them was statistically significant. As a result, I did
not find any strong evidence which indicated that at-risk study participants received more
long-term benefits.
The next set of analyses addressed the unique question about potential long-term ben-
efits of higher-quality preK - 3rd education. I found encouraging evidence that higher-quality
longitudinal early education experience could significantly promote children’s development
in different developmental areas examined in this study. However, none of the higher-quality
preK - 3rd education by at-risk status interaction effects was statistically significant, which
suggested no evidence that at-risk study participants benefit more from this higher-quality
early education experience than their more advantaged peers. At-risk children were found
to lag behind their not-at-risk peers in most of the outcomes, and unfortunately, effect sizes
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of at-risk status’ negative influences were consistently larger than those of positive impacts
from the higher-quality longitudinal early education on all the child outcomes. This meant
that higher-quality preK - 3rd education could reduce, but not eliminate the developmental
gaps between children who were at risk and those who were not.
My last analyses investigated whether higher-quality elementary education provided
additional benefits on top of higher-quality preK experience. By comparing the preK - 3rd
group and the preK group, I found some evidence in the areas of behavioral and resilience
development that additional higher-quality early elementary education provided extra long-
term benefits. Unfortunately, the additional benefits couldn’t fully compensate the negative





ECE effect has been widely studied in the literature (Barnett, 1995; Currie, 2001;
Karoly et al., 1998). There is limited evidence that public preK education alone could pro-
vide long-lasting positive influences on enrolled children. Results of the first part of this
study’s analyses were consistent with this conclusion. More importantly, this investigation
uniquely explored potential long-term effects of higher-quality preK - 3rd education on chil-
dren’s development in various areas and additional benefits children might receive from good
early elementary education on top of higher-quality preK experience. Additionally, besides
cognitive, academic, and behavioral developmental outcomes commonly examined in exist-
ing studies, I also evaluated potential influence of higher-quality early education experience
on children’s resilience development, an area not widely studied in the current literature.
There were five major findings in this study. First, the overall lack of significant ef-
fects of higher-quality preK education on children’ developmental outcomes was consistent
with findings from most ECE effect studies. This finding provided another piece of evidence
that it might be unrealistic to expect short-term higher-quality preK education services alone
to positively shift children’s life trajectories. Much more support may be needed to promote
their long-term development. Having said that, I need to point out that the operational defini-
tion of the higher-quality preK group and its comparison group might also have contributed
to the lack of findings on effects of higher-quality preK education. In this study, study par-
ticipants’ education qualities were measured at preschool, grade 1, and grade 3 during their
preK - 3rd years. Study participants who only received higher-quality preK education were
defined as the preK group. The control group did not have higher-quality preK experience,
but the group members could have up to one episode of higher-quality early elementary ed-
ucation. The higher-quality early elementary education received by some study participants
in the control group might have exerted positive effects to some extent, reduced the develop-
mental differences between the two groups, and as a result, canceled out a differential effect
of higher-quality preK education. If there had been enough study participants in the control
condition who also matched elementary education experiences with the preK group, I might
have been able to find larger effects for higher-quality preK education.
Second, higher-quality preK - 3rd education service was effective in promoting chil-
dren’s development in various areas examined in this study. The results were consistent
with a number of hypotheses that multiple years of higher-quality early education experi-
ence would be needed to create a consistently encouraging and supportive environment for
children to gain long-lasting developmental momentum (Currie & Thomas, 1995, 1999; Lee
& Loeb, 1995). As a result, this investigation provided strong support to the current preK -
3rd movement (Bogard & Takanishi, 2005; Reynolds, Magnuson & Ou, 2006). More specif-
ically, there were altogether 10 outcomes measuring cognitive, academic, and behavioral
development. Among these outcomes, positive influences of higher-quality preK - 3rd edu-
cation were found for four of them under or close to the statistical significance level of .05;
for the 10 resilience development outcomes, the positive influence was found in increasing
performance levels for three under or close to the statistical significance level of .05. As I
pointed out earlier, most existing studies evaluating ECE effects have focused on cognitive,
academic, and behavioral development (Anderson et al., 2003; Barnett, 1995; Belsky et al.,
2007; Gormley Jr & Gayer, 2005; Karoly et al., 1998; Karoly, Kilburn & Cannon, 2005;
Nelson, Westhues & MacLeod, 2003; NICHD Early Child Care Research Network, 2006a;
Yoshikawa, 1995). A close examination of the three education quality measurements used in
this study found that the criteria used in these evaluation tools largely focused on child and
teacher behaviors closely related to cognitive development, academic studies, and behavioral
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management. Hence, it was not surprising to see more beneficial effects on these develop-
mental areas than on resilience development as a function of higher-quality early education
experiences defined by these education quality measurements.
Third, some earlier studies discovered that at-risk children were likely to reap more
benefits from quality early education experiences than more advantaged children (Currie,
2001; Dearing, McCartney & Taylor, 2009; Gormley Jr & Gayer, 2005; NICHD Early Child
Care Research Network, 1999a; Peisner-Feinberg et al., 1999). However, most of the ex-
isting studies focused on short-term benefits received by the study participants. My current
investigation could not find convincing evidence that either higher-quality preK or preK - 3rd
education had differential long-term effects on children at-risk and not-at-risk.
Fourth, although higher-quality preK - 3rd education was shown to significantly pro-
mote child development, its positive effects on various outcomes did not compensate for the
negative associations between at-risk status and these outcomes. This meant that while pro-
viding higher-quality preK - 3rd education was valuable for promoting children’s well-being
in general, it might not be realistic to expect that the education experience could totally elim-
inate developmental gaps between at-risk children and their more advantaged peers. Similar
conclusions were made in studies on the ABC Project that found significant long-term effects
of quality preK - grade 2 education on children’s IQ scores (Campbell & Ramey, 1995).
Finally, direct comparison between preK - 3rd group and preK group yielded some
evidence that higher-quality early elementary education provided additional benefits on top
of higher-quality preK experience. Also, the different results from the previous two com-
parisons suggested indirectly that potential additional benefits were likely to be significant.
Generalized PSM method was adopted to create groups with balanced key observed fac-
tors to facilitate causal inference for each pairwise comparison. As a result, the three pair-
wise comparisons among groups with three different early education quality conditions were
conducted separately and corresponding analytic results were independent of each other in-
stead of coherent with each other like results from an analysis with a three-level multinomial
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predictor of interest. Also, in the final pairwise comparison, children who received higher-
quality preK - 3rd education and preK education were considered treated and control group
respectively. The fact that there were many fewer control than treated cases (Table 4.5) lim-
ited data variation in the matched control cases, which in turn might have negatively affected
parameter estimates and standard errors. I might be able to find more evidence that there
were significant additional benefits from higher-quality early elementary education follow-
ing higher-quality preK experience if I had a larger pool of control cases.
Limitations
The results and conclusions should be viewed with some considerations of the current
investigation’s several limitations. Firstly, the treatment conditions in this study were opera-
tionalized by quality measures on preK, grade 1 and grade 3 education only. No information
was collected on study participants’ kindergarten or grade 2 education experiences in the
SECC study. As a result, the conditions of higher-quality preK - 3rd education was defined
through these three education quality measurements, and the study findings were based on
the critical assumption that qualities of the two unobserved grades could be reasonably repre-
sented by the available measurements. Also, in order to maintain a reasonable sample in each
comparison group, a parsimonious grouping scheme was used, under which study children
without higher-quality preK experience but with both higher-quality grade 1 and 3 education
were categorized as a part of preK - 3rd group.
Secondly, since there are not commonly used standards to identify at-risk children or
rate whether children’s education is of high quality, I adopted a set of operationalized defini-
tions from a recently published study that also used SECC data (Dearing, McCartney & Tay-
lor, 2009). The median-split that defined higher-quality education experience statuses might
need more theoretical justifications and there might be appropriate alternative operational-
izations. Also, since the information on study participants and their families was extensive,
there might be other variables that could be used to define at-risk status besides the ones
selected for this study. In this study, the at-risk status was defined based on eight risk factors
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that represented many aspects of study participants’ living environment. Children who ex-
perienced over three of the eight risk factors were considered to be at risk. However, some
risk factors implied more threats to young children than others. It is reasonable to say that
study participants who faced a combination of more serious risk factors were under further
disadvantage than the ones with a set of comparatively milder ones when compared to their
more advantaged peers. As a result, at-risk children in this study could have faced stressful
situations of very different natures and intensities. It can be argued that it might be more
appropriate to use a continuous risk composite score that reflected both the numbers and se-
riousness of risk factors faced by a study children better than a dichotomous at-risk status
variable.
Finally, I have some reservations on generalizability of the study results. Although
study participants from different geographic locations all over the country were recruited, the
final sample of the study was not designed to represent the relevant U.S. population of young
children. Also, the fact that each involved research institute recruited participants based on a
number of exclusion criteria added resembling characteristics of a convenience sample to the
final group of study participants.
Outlook for Future Studies
At the end, I would like to discuss briefly about possible directions for future stud-
ies based on the conclusions and limitations of the current investigation. First, the current
study is one of the few studies that explored empirical evidence that higher-quality preK -
3rd education experience can provide long-term benefits to our younger generation. Although
the SECC study was not originally designed to answer research questions on long-term ef-
fects of higher-quality preK - 3rd education, the extensive information collected by the study
over a time span of more than 15 years makes it a unique large-scale data source capable of
answering these questions. Nevertheless, some important information, for example, kinder-
garten and grade 2 education quality, was not collected. As a result, more studies designed to
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answer the specific research questions on preK - 3rd education effects with greater generaliz-
ability are needed to gather a rich pool of information to evaluate whether the ongoing preK
- 3rd movement can actually bring a meaningful difference to children’s development.
Second, I found strong evidence that higher-quality preK - 3rd education promoted
children’s cognitive, academic, behavioral, and resilience development, but no results sug-
gested that at-risk children benefited more from the experience. As I mentioned earlier, the
at-risk status was defined by eight factors that represented an array of challenges of different
natures faced by study participants, and it might be impractical to expect higher-quality lon-
gitudinal early education to have significant effect in alleviating negative influence brought
by any kind of risk factor. Future studies may be more productive in finding significant risk
by higher-quality education experience interactions by focusing on one narrower scope of
risk factors of similar nature at a time.
Third, the multiple education quality measurements were used to create two dichoto-
mous predictors of interest in this study. I have seen researchers use the counts of higher-
quality education episodes experienced by children as the predictor in their studies of higher-
quality education’s effects on children (Dearing, McCartney & Taylor, 2009). Similar ap-
proach can be adopted in future studies and researchers can examine possible dosage effects
of higher-quality early education using this construct.
Finally, my results showed that children benefited more from the higher-quality preK -
3rd education in cognitive, academic, and behavioral development than in resilience develop-
ment. I argued that it might be partly due to the fact that the educational quality measurements
used to define higher-quality education experience focused on classroom activities more di-
rectly related to the first three developmental areas than the last one. As a result, in future
studies, researchers may pay close attention to contents of their education quality measure-
ments and make sure they reflect the quality of experience children need to promote specific
developmental outcomes of their interest.
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Figure B.6: Balance Check in Comparison 3 for Imputation 6-10
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Figure C.17: Child’s Early Peer Relationships
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Figure D.17: Child’s Early Peer Relationships
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Figure E.17: Child’s Early Peer Relationships
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APPENDIX F
Mean Comparisons of All Variables Used in Propensity Score Model Before and After
Full Match for Comparison 1
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Table F.1: Mean Comparisons of PSM Model Variables for Imputation 1
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .51 .57 .51 .55
Minority .21 .25 .21 .19
Baseline intelligence 90.70 90.18 90.70 89.48
Neighborhood 6.18 6.36 6.18 5.99
Sensitivity 8.95 9.02 8.95 8.94
At-risk status .33 .34 .33 .37
Mother’s verbal intelligence 95.20 94.79 95.20 94.54
Mother’s years of education 13.93 13.83 13.93 13.83
Authoritarian parenting 63.60 62.80 63.60 63.77
Marital status .84 .83 .84 .82
INR 2.97 2.91 2.97 2.76
Household size 1.24 1.34 1.24 1.23
Negative life events 3.17 3.39 3.17 3.42
Home environment 36.15 35.58 36.15 35.79
Mother’s age 27.70 27.44 27.70 27.66
Separation anxiety at month 1 71.93 71.09 71.93 72.39
Agreeableness 46.26 45.72 46.26 46.13
Maternal depression 11.80 11.67 11.80 12.42
Work commitment 21.95 21.92 21.95 21.78
Democratic parenting 32.46 32.31 32.46 32.52
Public assistance status .21 .25 .21 .21
Early peer relationships 3.36 3.40 3.36 3.34
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Table F.2: Mean Comparisons of PSM Model Variables for Imputation 2
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .52 .58 .52 .51
Minority .22 .24 .22 .22
Baseline intelligence 89.55 89.88 89.55 89.16
Neighborhood 6.42 6.38 6.42 6.53
Sensitivity 8.90 9.03 8.90 8.88
At-risk status .35 .34 .35 .31
Mother’s verbal intelligence 94.40 93.88 94.40 94.19
Mother’s years of education 13.92 13.67 13.92 13.92
Authoritarian parenting 62.63 62.83 62.63 62.26
Marital status .85 .81 .85 .87
INR 2.91 2.88 2.91 2.82
Household size 1.37 1.30 1.37 1.29
Negative life events 3.04 3.19 3.04 2.96
Home environment 35.74 35.59 35.74 35.78
Mother’s age 27.87 27.41 27.87 28.17
Separation anxiety at month 1 71.69 71.20 71.69 71.17
Agreeableness 46.34 45.65 46.34 46.46
Maternal depression 10.77 12.19 10.77 10.37
Work commitment 22.33 20.78 22.33 22.03
Democratic parenting 32.85 32.24 32.85 32.74
Public assistance status .22 .25 .22 .21
Early peer relationships 3.45 3.37 3.45 3.46
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Table F.3: Mean Comparisons of PSM Model Variables for Imputation 3
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .52 .56 .52 .56
Minority .21 .23 .21 .24
Baseline intelligence 90.65 89.66 90.65 90.03
Neighborhood 6.69 6.38 6.69 6.68
Sensitivity 9.06 8.95 9.06 8.94
At-risk status .29 .36 .29 .31
Mother’s verbal intelligence 94.65 94.23 94.65 94.87
Mother’s years of education 14.01 13.63 14.01 14.21
Authoritarian parenting 62.63 63.20 62.63 63.15
Marital status .86 .82 .86 .88
INR 3.17 2.80 3.17 3.40
Household size 1.22 1.29 1.22 1.30
Negative life events 2.76 3.36 2.76 2.82
Home environment 36.40 35.58 36.40 36.00
Mother’s age 27.81 27.27 27.81 28.50
Separation anxiety at month 1 71.78 71.30 71.78 71.55
Agreeableness 46.49 45.65 46.49 45.86
Maternal depression 10.95 12.23 10.95 11.43
Work commitment 22.32 20.69 22.32 22.63
Democratic parenting 32.99 32.14 32.99 32.73
Public assistance status .18 .24 .18 .16
Early peer relationships 3.41 3.37 3.41 3.39
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Table F.4: Mean Comparisons of PSM Model Variables for Imputation 4
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .53 .56 .53 .54
Minority .24 .23 .24 .24
Baseline intelligence 90.57 90.42 90.57 90.48
Neighborhood 6.49 6.39 6.49 6.48
Sensitivity 8.85 9.04 8.85 8.71
At-risk status .36 .35 .36 .38
Mother’s verbal intelligence 94.19 94.57 94.19 84.47
Mother’s years of education 14.01 13.75 14.01 13.98
Authoritarian parenting 62.93 62.95 62.93 62.63
Marital status .83 .82 .83 .84
INR 2.92 2.92 2.92 2.85
Household size 1.39 1.27 1.39 1.31
Negative life events 3.14 3.36 3.14 3.31
Home environment 35.79 35.58 35.79 35.32
Mother’s age 27.71 27.43 27.71 27.75
Separation anxiety at month 1 72.62 71.02 72.62 72.14
Agreeableness 46.05 45.84 46.05 45.98
Maternal depression 11.63 11.85 11.63 11.46
Work commitment 22.25 20.97 22.25 22.12
Democratic parenting 32.75 32.17 32.75 32.76
Public assistance status .21 .24 .21 .21
Early peer relationships 3.41 3.42 3.41 3.42
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Table F.5: Mean Comparisons of PSM Model Variables for Imputation 5
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .55 .48 .52
Minority .26 .22 .26 .29
Baseline intelligence 90.50 91.01 90.50 90.44
Neighborhood 6.53 6.37 6.53 6.47
Sensitivity 8.85 9.05 8.85 8.81
At-risk status .34 .34 .34 .37
Mother’s verbal intelligence 95.22 95.11 95.22 94.44
Mother’s years of education 14.05 13.85 14.05 13.94
Authoritarian parenting 63.60 62.35 63.60 64.36
Marital status .83 .82 .83 .80
INR 2.89 2.94 2.89 2.78
Household size 1.31 1.26 1.31 1.46
Negative life events 2.90 3.41 2.90 2.84
Home environment 35.92 35.89 35.92 35.94
Mother’s age 27.40 27.46 27.40 27.24
Separation anxiety at month 1 71.94 70.50 71.94 72.34
Agreeableness 46.15 45.81 46.15 46.22
Maternal depression 11.07 11.72 11.07 10.79
Work commitment 22.52 21.03 22.52 22.44
Democratic parenting 32.79 32.23 32.79 32.76
Public assistance status .22 .23 .22 .23
Early peer relationships 3.43 3.39 3.43 3.44
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Table F.6: Mean Comparisons of PSM Model Variables for Imputation 6
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .49 .56 .49 .52
Minority .22 .23 .22 .22
Baseline intelligence 89.59 90.49 89.59 89.41
Neighborhood 6.35 6.41 6.35 6.27
Sensitivity 8.93 9.02 8.93 8.89
At-risk status .38 .33 .38 .36
Mother’s verbal intelligence 95.13 94.42 95.13 93.98
Mother’s years of education 13.81 13.83 13.81 13.76
Authoritarian parenting 62.99 62.77 62.99 63.07
Marital status .80 .82 .80 .84
INR 2.78 2.97 2.78 2.79
Household size 1.44 1.30 1.44 1.32
Negative life events 3.02 3.35 3.02 3.05
Home environment 35.71 35.76 35.71 35.95
Mother’s age 27.23 27.69 27.23 27.87
Separation anxiety at month 1 71.98 71.06 71.98 71.73
Agreeableness 46.60 45.96 46.60 46.10
Maternal depression 11.42 11.85 11.42 11.49
Work commitment 22.57 20.81 22.57 22.54
Democratic parenting 33.10 32.19 33.10 33.12
Public assistance status .24 .24 .24 .21
Early peer relationships 3.36 3.38 3.36 3.36
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Table F.7: Mean Comparisons of PSM Model Variables for Imputation 7
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .50 .57 .50 .55
Minority .23 .22 .23 .22
Baseline intelligence 91.43 90.88 91.43 91.63
Neighborhood 6.55 6.42 6.55 6.60
Sensitivity 8.85 8.99 8.85 8.85
At-risk status .36 .33 .36 .34
Mother’s verbal intelligence 95.13 94.90 95.13 95.28
Mother’s years of education 13.96 13.78 13.96 13.97
Authoritarian parenting 63.55 62.35 63.55 63.60
Marital status .82 .82 .82 .85
INR 3.10 2.90 3.10 3.16
Household size 1.23 1.29 1.23 1.29
Negative life events 3.02 3.22 3.02 2.86
Home environment 35.90 35.90 35.90 36.12
Mother’s age 27.54 27.47 27.54 27.52
Separation anxiety at month 1 71.95 70.31 71.95 71.35
Agreeableness 46.05 45.75 46.05 46.25
Maternal depression 11.70 12.11 11.70 11.67
Work commitment 22.04 20.92 22.04 22.11
Democratic parenting 32.69 32.29 32.69 32.76
Public assistance status .21 .22 .21 .19
Early peer relationships 3.47 3.41 3.47 3.48
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Table F.8: Mean Comparisons of PSM Model Variables for Imputation 8
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .47 .58 .47 .47
Minority .27 .24 .27 .29
Baseline intelligence 90.36 90.48 90.36 91.37
Neighborhood 6.34 6.46 6.34 6.46
Sensitivity 8.88 8.94 8.88 8.83
At-risk status .35 .35 .35 .36
Mother’s verbal intelligence 95.97 94.59 95.97 96.13
Mother’s years of education 14.03 13.66 14.03 14.07
Authoritarian parenting 62.71 62.91 62.71 62.58
Marital status .84 .82 .84 .84
INR 2.94 2.78 2.94 3.01
Household size 1.30 1.27 1.30 1.29
Negative life events 3.15 3.20 3.15 3.20
Home environment 35.77 35.63 35.77 36.02
Mother’s age 27.67 27.34 27.67 27.67
Separation anxiety at month 1 71.14 72.09 71.14 70.93
Agreeableness 46.22 45.68 46.22 46.82
Maternal depression 11.18 12.02 11.18 11.33
Work commitment 22.41 20.92 22.41 22.35
Democratic parenting 32.92 32.21 32.92 32.87
Public assistance status .22 .25 .22 .20
Early peer relationships 3.32 3.38 3.32 3.31
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Table F.9: Mean Comparisons of PSM Model Variables for Imputation 9
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .50 .57 .50 .51
Minority .23 .23 .23 .23
Baseline intelligence 89.69 90.32 89.69 89.96
Neighborhood 6.48 6.36 6.48 6.48
Sensitivity 9.03 8.94 9.03 9.01
At-risk status .34 .35 .34 .31
Mother’s verbal intelligence 95.99 94.93 95.99 96.42
Mother’s years of education 14.08 13.70 14.08 14.07
Authoritarian parenting 63.01 62.89 63.01 62.82
Marital status .86 .81 .86 .88
INR 3.06 2.84 3.06 3.05
Household size 1.21 1.32 1.21 1.11
Negative life events 3.02 3.31 3.02 3.15
Home environment 35.92 35.58 35.92 36.09
Mother’s age 27.61 27.46 27.61 27.57
Separation anxiety at month 1 72.16 71.07 72.16 71.68
Agreeableness 46.44 45.50 46.44 46.65
Maternal depression 10.98 12.22 10.98 10.53
Work commitment 21.80 20.94 21.80 21.23
Democratic parenting 32.70 32.31 32.70 32.85
Public assistance status .19 .24 .19 .18
Early peer relationships 3.34 3.35 3.34 3.36
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Table F.10: Mean Comparisons of PSM Model Variables for Imputation 10
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .51 .56 .51 .52
Minority .22 .24 .22 .24
Baseline intelligence 91.42 89.73 91.42 89.54
Neighborhood 6.44 6.38 6.44 6.41
Sensitivity 8.85 9.04 8.85 8.72
At-risk status .35 .35 .35 .39
Mother’s verbal intelligence 94.35 94.24 94.35 93.26
Mother’s years of education 14.04 13.68 14.04 13.89
Authoritarian parenting 63.38 62.94 63.38 64.29
Marital status .85 .81 .85 .83
INR 3.04 2.80 3.04 2.83
Household size 1.14 1.33 1.14 1.23
Negative life events 3.32 3.54 3.32 3.30
Home environment 35.97 35.63 35.97 35.60
Mother’s age 27.86 27.30 27.86 27.81
Separation anxiety at month 1 72.95 71.37 72.95 73.02
Agreeableness 45.62 45.55 45.62 45.77
Maternal depression 11.68 12.20 11.68 12.48
Work commitment 22.20 20.83 22.20 22.12
Democratic parenting 33.05 32.13 33.05 33.08
Public assistance status .20 .25 .20 .21
Early peer relationships 3.40 3.41 3.40 3.38
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APPENDIX G
Mean Comparisons of All Variables Used in Propensity Score Model Before and After
Full Match for Comparison 2
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Table G.1: Mean Comparisons of PSM Model Variables for Imputation 1
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .57 .48 .50
Minority .15 .25 .15 .15
Baseline intelligence 92.19 90.18 92.19 91.54
Neighborhood 6.63 6.36 6.63 6.61
Sensitivity 9.38 9.02 9.38 9.40
At-risk status .24 .34 .24 .23
Mother’s verbal intelligence 101.62 94.79 101.62 100.99
Mother’s years of education 14.64 13.83 14.64 14.64
Authoritarian parenting 57.51 62.80 57.51 57.17
Marital status .89 .83 .89 .88
INR 3.87 2.91 3.87 3.88
Household size 1.14 1.34 1.14 1.20
Negative life events 3.68 3.39 3.68 3.61
Home environment 37.12 35.58 37.12 37.14
Mother’s age 28.77 27.44 28.77 28.67
Separation anxiety at month 1 69.14 71.09 69.14 69.21
Agreeableness 46.53 45.72 46.53 46.65
Maternal depression 11.01 11.67 11.01 10.45
Work commitment 21.34 20.92 21.34 21.36
Democratic parenting 33.15 32.31 33.15 33.21
Public assistance status .14 .25 .14 .14
Early peer relationships 3.44 3.40 3.44 3.44
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Table G.2: Mean Comparisons of PSM Model Variables for Imputation 2
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .47 .58 .47 .50
Minority .15 .24 .15 .14
Baseline intelligence 92.87 89.88 92.87 92.48
Neighborhood 6.66 6.38 6.66 6.69
Sensitivity 9.42 9.03 9.42 9.46
At-risk status .23 .34 .23 .23
Mother’s verbal intelligence 102.12 93.88 102.12 101.55
Mother’s years of education 14.78 13.67 14.78 14.66
Authoritarian parenting 57.69 62.83 57.69 57.92
Marital status .90 .81 .90 .91
INR 3.93 2.88 3.93 3.83
Household size 1.14 1.30 1.14 1.19
Negative life events 3.63 3.19 3.63 3.87
Home environment 37.28 35.59 37.28 37.46
Mother’s age 28.76 27.41 28.76 28.92
Separation anxiety at month 1 69.02 71.20 69.02 68.89
Agreeableness 46.63 45.65 46.63 46.52
Maternal depression 10.83 12.19 10.83 10.94
Work commitment 21.32 20.78 21.32 21.16
Democratic parenting 33.09 32.24 33.09 33.00
Public assistance status .13 .25 .13 .13
Early peer relationships 3.46 3.38 3.46 3.47
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Table G.3: Mean Comparisons of PSM Model Variables for Imputation 3
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .56 .48 .48
Minority .17 .23 .17 .15
Baseline intelligence 92.99 89.66 92.99 93.19
Neighborhood 6.68 6.38 6.68 6.71
Sensitivity 9.40 8.95 9.40 9.43
At-risk status .24 .36 .24 .25
Mother’s verbal intelligence 102.24 94.23 102.24 101.96
Mother’s years of education 14.81 13.63 14.81 14.77
Authoritarian parenting 57.34 63.20 57.34 58.37
Marital status .89 .82 .89 .89
INR 3.93 2.80 3.93 3.70
Household size 1.18 1.29 1.18 1.25
Negative life events 3.59 3.36 3.59 3.83
Home environment 37.09 35.58 37.09 36.89
Mother’s age 28.91 27.27 28.91 28.87
Separation anxiety at month 1 68.92 71.30 68.92 69.80
Agreeableness 46.59 45.65 46.59 46.31
Maternal depression 10.75 12.23 10.75 11.17
Work commitment 21.44 20.69 21.44 21.49
Democratic parenting 33.17 32.14 33.17 33.16
Public assistance status .15 .24 .15 .14
Early peer relationships 3.46 3.37 3.46 3.45
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Table G.4: Mean Comparisons of PSM Model Variables for Imputation 4
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .56 .48 .45
Minority .16 .23 .16 .16
Baseline intelligence 92.47 90.42 92.47 92.30
Neighborhood 6.64 6.39 6.64 6.66
Sensitivity 9.39 9.04 9.39 9.34
At-risk status .22 .35 .22 .22
Mother’s verbal intelligence 101.81 94.57 101.81 100.65
Mother’s years of education 14.70 13.75 14.70 14.67
Authoritarian parenting 57.55 62.95 57.55 57.82
Marital status .89 .82 .89 .90
INR 3.89 2.92 3.89 3.84
Household size 1.15 1.27 1.15 1.09
Negative life events 3.53 3.36 3.53 3.41
Home environment 37.20 35.58 37.20 37.27
Mother’s age 28.79 27.43 28.79 28.47
Separation anxiety at month 1 68.94 71.02 68.94 69.18
Agreeableness 46.66 45.84 46.66 46.57
Maternal depression 10.90 11.85 10.90 10.40
Work commitment 21.20 20.97 21.20 21.14
Democratic parenting 33.16 32.17 33.16 33.15
Public assistance status .14 .24 .14 .15
Early peer relationships 3.49 3.42 3.49 3.52
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Table G.5: Mean Comparisons of PSM Model Variables for Imputation 5
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .50 .55 .50 .52
Minority .15 .22 .15 .13
Baseline intelligence 92.64 91.01 92.64 93.24
Neighborhood 6.66 6.37 6.66 6.60
Sensitivity 9.40 9.05 9.40 9.45
At-risk status .25 .34 .25 .24
Mother’s verbal intelligence 101.08 95.11 101.08 101.41
Mother’s years of education 14.63 13.85 14.63 14.55
Authoritarian parenting 57.72 62.35 57.72 57.29
Marital status .89 .82 .89 .91
INR 3.90 2.94 3.90 3.99
Household size 1.19 1.26 1.19 1.15
Negative life events 3.58 3.41 3.58 3.58
Home environment 37.05 35.89 37.05 37.10
Mother’s age 28.88 27.46 28.88 28.72
Separation anxiety at month 1 69.46 70.50 69.46 69.13
Agreeableness 46.61 45.81 46.61 46.79
Maternal depression 11.14 11.72 11.14 10.94
Work commitment 21.14 21.03 21.14 20.64
Democratic parenting 33.13 32.23 33.13 33.01
Public assistance status .14 .23 .14 .14
Early peer relationships 3.47 3.39 3.47 3.47
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Table G.6: Mean Comparisons of PSM Model Variables for Imputation 6
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .49 .56 .49 .49
Minority .16 .23 .16 .13
Baseline intelligence 92.93 90.49 92.93 92.37
Neighborhood 6.65 6.41 6.65 6.59
Sensitivity 9.41 9.02 9.41 9.38
At-risk status .23 .33 .23 .23
Mother’s verbal intelligence 102.17 94.42 102.17 101.38
Mother’s years of education 14.71 13.83 14.71 14.53
Authoritarian parenting 57.53 62.77 57.53 57.75
Marital status .90 .82 .90 .90
INR 3.92 2.97 3.92 3.92
Household size 1.11 1.30 1.11 1.08
Negative life events 3.63 3.35 3.63 3.60
Home environment 37.25 35.76 37.25 37.38
Mother’s age 28.73 27.69 28.73 28.67
Separation anxiety at month 1 69.04 71.06 69.04 69.64
Agreeableness 46.42 45.86 46.42 46.42
Maternal depression 10.95 11.85 10.95 10.96
Work commitment 21.23 20.81 21.23 21.07
Democratic parenting 33.10 32.19 33.10 33.05
Public assistance status .13 .24 .13 .14
Early peer relationships 3.46 3.38 3.46 3.48
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Table G.7: Mean Comparisons of PSM Model Variables for Imputation 7
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .57 .48 .47
Minority .17 .22 .17 .17
Baseline intelligence 92.24 90.88 92.24 91.85
Neighborhood 6.63 6.42 6.63 6.63
Sensitivity 9.37 8.99 9.37 9.38
At-risk status .23 .33 .23 .24
Mother’s verbal intelligence 101.67 94.90 101.67 101.62
Mother’s years of education 14.71 13.78 14.71 14.67
Authoritarian parenting 57.67 62.35 57.67 57.26
Marital status .90 .82 .90 .88
INR 3.88 2.90 3.88 3.83
Household size 1.18 1.29 1.18 1.15
Negative life events 3.44 3.22 3.44 3.51
Home environment 36.96 35.90 36.96 36.95
Mother’s age 28.83 27.47 28.83 28.76
Separation anxiety at month 1 69.62 70.31 69.62 69.64
Agreeableness 46.69 45.75 46.69 46.52
Maternal depression 10.65 12.11 10.65 10.62
Work commitment 21.27 20.92 21.27 21.51
Democratic parenting 33.12 32.29 33.12 33.02
Public assistance status .16 .22 .16 .16
Early peer relationships 3.48 3.41 3.48 3.48
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Table G.8: Mean Comparisons of PSM Model Variables for Imputation 8
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .58 .48 .49
Minority .14 .24 .14 .15
Baseline intelligence 92.47 90.48 92.47 91.64
Neighborhood 6.65 6.46 6.65 6.53
Sensitivity 9.44 8.94 9.44 9.42
At-risk status .23 .35 .23 .25
Mother’s verbal intelligence 102.49 94.59 102.49 102.20
Mother’s years of education 14.77 13.66 14.77 14.74
Authoritarian parenting 57.59 62.91 57.59 57.83
Marital status .90 .82 .90 .89
INR 4.00 2.78 4.00 3.78
Household size 1.18 1.27 1.18 1.22
Negative life events 3.68 3.20 3.68 3.73
Home environment 37.22 35.63 37.22 37.02
Mother’s age 28.88 27.34 28.88 28.53
Separation anxiety at month 1 68.54 72.09 68.54 68.51
Agreeableness 46.58 45.68 46.58 46.30
Maternal depression 10.86 12.02 10.86 11.04
Work commitment 21.22 20.92 21.22 21.27
Democratic parenting 33.09 32.21 33.09 33.01
Public assistance status .13 .25 .13 .12
Early peer relationships 3.45 3.38 3.45 3.45
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Table G.9: Mean Comparisons of PSM Model Variables for Imputation 9
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .57 .48 .51
Minority .16 .23 .16 .15
Baseline intelligence 92.54 90.32 92.54 92.18
Neighborhood 6.61 6.36 6.61 6.58
Sensitivity 9.37 8.94 9.37 9.45
At-risk status .23 .35 .23 .20
Mother’s verbal intelligence 101.52 94.93 101.52 101.27
Mother’s years of education 14.74 13.70 14.74 14.77
Authoritarian parenting 57.53 62.89 57.53 57.26
Marital status .89 .81 .89 .91
INR 3.93 2.84 3.93 3.88
Household size 1.16 1.32 1.16 1.17
Negative life events 3.53 3.31 3.53 3.58
Home environment 37.18 35.58 37.18 37.42
Mother’s age 28.81 27.46 28.81 29.95
Separation anxiety at month 1 69.05 71.07 69.05 68.27
Agreeableness 46.65 45.50 46.65 47.08
Maternal depression 10.75 12.22 10.75 10.34
Work commitment 21.33 20.94 21.33 21.33
Democratic parenting 33.07 32.31 33.07 33.06
Public assistance status .14 .24 .14 .12
Early peer relationships 3.47 3.35 3.47 3.48
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Table G.10: Mean Comparisons of PSM Model Variables for Imputation 10
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .49 .56 .49 .49
Minority .15 .24 .15 .15
Baseline intelligence 92.61 89.73 92.61 92.52
Neighborhood 6.65 6.38 6.65 6.66
Sensitivity 9.41 9.04 9.41 9.44
At-risk status .23 .35 .23 .23
Mother’s verbal intelligence 101.90 94.24 101.90 101.01
Mother’s years of education 14.76 13.68 14.76 14.66
Authoritarian parenting 57.38 62.94 57.38 57.40
Marital status .90 .81 .90 .89
INR 3.95 2.80 3.95 3.96
Household size 1.17 1.33 1.17 1.16
Negative life events 3.58 3.54 3.58 3.42
Home environment 37.28 25.63 37.28 37.21
Mother’s age 28.87 27.3 28.87 28.83
Separation anxiety at month 1 68.60 71.37 68.60 68.27
Agreeableness 46.72 45.55 46.72 46.93
Maternal depression 10.58 12.20 10.58 10.35
Work commitment 21.34 20.83 21.34 21.33
Democratic parenting 33.15 32.13 33.15 33.13
Public assistance status .13 .25 .13 .13
Early peer relationships 3.44 3.41 3.44 3.44
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APPENDIX H
Mean Comparisons of All Variables Used in Propensity Score Model Before and After
Full Match for Comparison 3
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Table H.1: Mean Comparisons of PSM Model Variables for Imputation 1
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Baseline intelligence 92.19 90.70 92.19 93.39
Male .48 .51 .48 .47
Minority .15 .21 .15 .16
Neighborhood 6.63 6.18 6.63 6.56
Sensitivity 9.38 8.95 9.38 9.50
At-risk status .24 .33 .24 .23
Mother’s verbal intelligence 101.62 95.20 101.62 99.62
Mother’s years of education 14.64 13.93 14.64 14.57
Authoritarian parenting 57.51 63.60 57.51 56.71
Marital status .89 .84 .89 .92
INR 3.87 2.97 3.87 3.73
Household size 1.14 1.24 1.14 1.16
Negative life events 3.68 2.97 3.68 3.77
Home environment 37.12 36.15 37.12 37.89
Mother’s age 28.77 27.70 28.77 28.78
Separation anxiety at month 1 69.14 71.93 69.14 69.35
Agreeableness 46.53 46.26 46.53 46.70
Maternal depression 11.01 11.80 11.01 11.19
Work commitment 21.34 21.95 21.34 21.68
Democratic parenting 33.15 32.46 33.15 33.17
Public assistance status .14 .21 .14 .13
Early peer relationships 3.44 3.36 3.44 3.44
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Table H.2: Mean Comparisons of PSM Model Variables for Imputation 2
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .47 .52 .47 .44
Minority .15 .22 .15 .18
Baseline intelligence 92.87 89.52 92.87 93.13
Neighborhood 6.66 6.42 6.66 6.65
Sensitivity 9.42 8.90 9.42 9.38
At-risk status .23 .35 .23 .25
Mother’s verbal intelligence 102.12 94.40 102.12 100.79
Mother’s years of education 14.78 13.92 14.78 14.75
Authoritarian parenting 57.69 62.63 57.69 57.86
Marital status .90 .85 .90 .91
INR 3.93 2.91 3.93 3.81
Negative life events 3.63 3.04 3.63 3.84
Household size 1.14 1.37 1.14 1.23
Home environment 37.28 35.74 37.28 37.23
Mother’s age 28.76 27.87 28.76 28.70
Separation anxiety at month 1 69.02 71.69 69.02 69.11
Agreeableness 46.63 46.34 46.63 47.28
Maternal depression 10.83 10.77 10.83 10.67
Work commitment 21.32 22.33 21.32 21.27
Democratic parenting 33.09 32.85 33.09 33.07
Public assistance status .13 .22 .13 .09
Early peer relationships 3.46 3.45 3.46 3.46
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Table H.3: Mean Comparisons of PSM Model Variables for Imputation 3
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .52 .48 .50
Minority .17 .21 .17 .19
Baseline intelligence 92.99 90.65 92.99 93.81
Neighborhood 6.68 6.69 6.68 6.56
Sensitivity 9.40 9.06 9.40 9.22
At-risk status .24 .29 .24 .23
Mother’s verbal intelligence 102.24 94.65 102.24 101.47
Mother’s years of education 14.81 14.01 14.81 14.73
Authoritarian parenting 57.34 62.63 57.34 58.30
Marital status .89 .86 .89 .90
INR 3.93 3.17 3.93 4.07
Negative life events 3.59 2.76 3.59 3.52
Household size 1.18 1.22 1.18 1.16
Home environment 37.09 36.40 37.09 37.14
Mother’s age 28.91 27.81 28.91 28.71
Separation anxiety at month 1 68.92 71.78 68.92 68.43
Agreeableness 46.59 46.49 46.59 46.25
Maternal depression 10.75 10.95 10.75 10.57
Work commitment 21.44 22.32 21.44 21.93
Democratic parenting 33.17 32.99 33.17 32.98
Public assistance status .15 .18 .15 .12
Early peer relationships 3.46 3.41 3.46 3.45
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Table H.4: Mean Comparisons of PSM Model Variables for Imputation 4
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .53 .48 .50
Minority .16 .24 .16 .18
Baseline intelligence 92.47 90.57 92.47 93.01
Neighborhood 6.64 6.49 6.64 6.80
Sensitivity 9.39 8.85 9.39 9.46
At-risk status .22 .36 .22 .21
Mother’s verbal intelligence 101.81 94.19 101.81 101.27
Mother’s years of education 14.70 14.01 14.70 14.79
Authoritarian parenting 57.55 62.79 57.55 57.38
Marital status .89 .83 .89 .91
INR 3.89 2.92 3.89 3.85
Household size 1.15 1.39 1.15 1.12
Negative life events 3.53 3.14 3.53 3.50
Home environment 37.20 35.79 37.20 37.30
Mother’s age 28.79 27.71 28.79 28.71
Separation anxiety at month 1 68.94 72.26 68.94 68.58
Agreeableness 46.66 46.05 46.66 46.31
Maternal depression 10.90 11.63 10.90 10.28
Work commitment 21.20 22.25 21.20 21.54
Democratic parenting 33.16 32.75 33.16 33.05
Public assistance status .14 .21 .14 .14
Early peer relationships 3.49 3.41 3.49 3.49
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Table H.5: Mean Comparisons of PSM Model Variables for Imputation 5
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .50 .48 .50 .50
Minority .15 .26 .15 .15
Baseline intelligence 92.64 90.50 92.64 91.55
Neighborhood 6.66 6.53 6.66 6.51
Sensitivity 9.40 8.85 9.40 9.55
At-risk status .25 .34 .25 .25
Mother’s verbal intelligence 101.08 95.22 101.08 100.00
Mother’s years of education 14.63 14.05 14.63 14.42
Authoritarian parenting 57.72 63.60 57.72 59.11
Marital status .89 .83 .89 .92
INR 3.90 2.89 3.90 3.72
Household size 1.19 1.31 1.19 1.20
Negative life events 3.58 2.90 3.58 3.23
Home environment 37.05 35.92 37.05 37.48
Mother’s age 28.88 27.40 28.88 28.63
Separation anxiety at month 1 69.46 71.94 69.46 69.98
Agreeableness 46.61 46.15 46.61 46.23
Maternal depression 11.14 11.07 11.14 10.44
Work commitment 21.14 22.52 21.14 20.65
Democratic parenting 33.13 32.79 33.13 33.11
Public assistance status .14 .22 .14 .11
Early peer relationships 3.47 3.43 3.47 3.44
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Table H.6: Mean Comparisons of PSM Model Variables for Imputation 6
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .49 .49 .49 .45
Minority .16 .22 .16 .14
Baseline intelligence 92.93 89.95 92.93 92.18
Neighborhood 6.65 6.35 6.65 6.80
Sensitivity 9.41 8.93 9.41 9.41
At-risk status .23 .38 .23 .21
Mother’s verbal intelligence 102.17 95.13 102.17 101.28
Mother’s years of education 14.71 13.81 14.71 14.64
Authoritarian parenting 57.52 62.99 57.53 58.72
Marital status .90 .80 .90 .91
INR 3.92 2.78 3.92 3.76
Household size 1.11 1.44 1.11 1.11
Negative life events 3.63 3.02 3.63 3.04
Home environment 37.25 35.71 37.25 37.28
Mother’s age 28.73 27.23 28.73 28.60
Separation anxiety at month 1 69.04 71.98 69.04 69.27
Agreeableness 46.42 46.60 46.42 46.37
Maternal depression 10.95 11.42 10.95 10.71
Work commitment 21.23 22.57 21.23 20.93
Democratic parenting 33.10 33.10 33.10 33.05
Public assistance status .13 .24 .13 .11
Early peer relationships 3.46 3.36 3.46 3.44
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Table H.7: Mean Comparisons of PSM Model Variables for Imputation 7
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .50 .48 .48
Minority .17 .23 .17 .16
Baseline intelligence24O24Y 92.24 91.43 92.24 92.28
Neighborhood 6.63 6.55 6.63 6.71
Sensitivity 9.37 8.85 9.37 9.43
At-risk status .23 .36 .23 .23
Mother’s verbal intelligence 101.67 95.13 101.67 102.14
Mother’s years of education 14.71 13.96 14.71 14.83
Authoritarian parenting 57.67 63.55 57.67 57.89
Marital status .90 .82 .90 .91
INR 3.88 3.10 3.88 4.09
Household size 1.18 1.23 1.18 1.20
Negative life events 3.44 3.02 3.44 3.16
Home environment 36.96 35.90 36.96 37.12
Mother’s age 28.83 27.54 28.83 29.12
Separation anxiety at month 1 69.62 71.95 69.62 70.14
Agreeableness 46.69 46.05 46.69 46.43
Maternal depression 10.65 11.70 10.65 10.44
Work commitment 21.27 22.04 21.27 21.64
Democratic parenting 33.12 32.69 33.12 33.38
Public assistance status .16 .21 .16 .15
Early peer relationships 3.48 3.47 3.48 3.48
224
Table H.8: Mean Comparisons of PSM Model Variables for Imputation 8
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .47 .48 .49
Minority .14 .27 .14 .15
Baseline intelligence 92.47 90.36 92.47 92.77
Neighborhood 6.65 6.34 6.65 6.64
Sensitivity 9.44 8.88 9.44 9.55
At-risk status .23 .35 .23 .23
Mother’s verbal intelligence 102.49 95.97 102.49 102.68
Mother’s years of education 14.77 14.03 14.77 14.72
Authoritarian parenting 57.59 62.71 57.59 57.06
Marital status .90 .84 .90 .89
INR 4.00 2.94 4.00 3.84
Household size 1.18 1.30 1.18 1.17
Negative life events 3.68 3.15 3.68 3.27
Home environment 37.22 35.77 37.22 37.29
Mother’s age 28.88 27.67 28.88 28.83
Separation anxiety at month 1 68.54 71.14 68.54 69.44
Agreeableness 46.58 46.22 46.58 47.01
Maternal depression 10.86 11.18 10.86 11.10
Work commitment 21.22 22.41 21.22 21.85
Democratic parenting 33.09 32.92 33.09 33.10
Public assistance status .13 .22 .13 .13
Early peer relationships 3.45 3.32 3.45 3.45
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Table H.9: Mean Comparisons of PSM Model Variables for Imputation 9
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .48 .50 .48 .41
Minority .16 .23 .16 .14
Baseline intelligence24O24Y 92.54 89.69 92.54 94.25
Neighborhood 6.61 6.48 6.61 6.65
Sensitivity 9.37 9.03 9.37 9.46
At-risk status .23 .34 .23 .24
Mother’s verbal intelligence 101.52 95.99 101.52 101.49
Mother’s years of education 14.74 14.08 14.74 14.73
Authoritarian parenting 57.53 63.00 57.53 57.92
Marital status .89 .86 .89 .88
INR 3.93 3.06 3.93 3.85
Household size 1.16 1.21 1.16 1.22
Negative life events 3.53 3.02 3.53 3.48
Home environment 37.18 35.92 37.18 37.20
Mother’s age 28.81 27.61 28.81 28.97
Separation anxiety at month 1 69.05 72.16 69.05 69.35
Agreeableness 46.65 46.40 46.65 46.59
Maternal depression 10.75 10.98 10.75 10.88
Work commitment 21.33 21.80 21.33 21.57
Democratic parenting 33.07 32.70 33.07 33.28
Public assistance status .14 .19 .14 .15
Early peer relationships 3.47 3.34 3.47 3.48
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Table H.10: Mean Comparisons of PSM Model Variables for Imputation 10
Variable Before Full Match After Full Match
Treatment Control Treatment Control
Male .49 .51 .49 .49
Minority .15 .22 .15 .21
Baseline intelligence 92.61 91.42 92.61 91.94
Neighborhood 6.65 6.44 6.65 6.60
Sensitivity 9.41 8.85 9.41 9.19
At-risk status .23 .35 .23 .26
Mother’s verbal intelligence 101.90 94.35 101.90 99.31
Mother’s years of education 14.76 14.04 14.76 14.62
Authoritarian parenting 57.38 63.38 57.38 59.97
Marital status .90 .85 .90 .89
INR 3.95 3.04 3.95 3.45
Household size 1.17 1.14 1.17 1.22
Negative life events 3.58 3.32 3.58 3.07
Home environment 37.28 35.97 37.28 37.06
Mother’s age 28.87 27.86 28.87 28.52
Separation anxiety at month 1 68.60 72.95 68.60 69.26
Agreeableness 46.72 45.62 46.72 46.72
Maternal depression 10.58 11.68 10.58 11.03
Work commitment 21.34 22.20 21.34 21.78
Democratic parenting 33.15 33.05 33.15 32.53
Public assistance status .13 .20 .13 .13
Early peer relationships 3.44 3.40 3.44 3.44
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APPENDIX I
Treatment Effect Sizes for All Comparisons
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Table I.1: Treatment Effect Sizes for Comparison 1
Cognitive Development Academic Development Behavioral Development Resilience Development
Outcome Effect Size Outcome Effect Size Outcome Effect Size Outcome Effect Size Outcome Effect Size
WJR-PV .05 WJR-LW .13 BEX .01 TCRelation .04 Attention .01
ARS-LL .07 BIN −.04 FriendQ −.14 Impulse −.11
ARS-Overall .07 DBD −.06 Lonely .05 RiskTake-C 0
Depression −.12 NegPeer −.18 RiskTake-M .05
PeerPress −.06 PsyMature 0
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Table I.2: Treatment Effect Sizes for Comparison 2
Cognitive Development Academic Development Behavioral Development Resilience Development
Outcome Effect Size Outcome Effect Size Outcome Effect Size Outcome Effect Size Outcome Effect Size
WJR-PV .13 WJR-LW .16 BEX −.16 TCRelation .18 Attention .06
ARS-LL .11 BIN −.09 FriendQ −.02 Impulse .10
ARS-Overall .13 DBD −.14 Lonely −.02 RiskTake-C −.16
Depression .01 NegPeer −.16 RiskTake-M −.10
PeerPress .02 PsyMature .11
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Table I.3: Treatment Effect Sizes for Comparison 3
Cognitive Development Academic Development Behavioral Development Resilience Development
Outcome Effect Size Outcome Effect Size Outcome Effect Size Outcome Effect Size Outcome Effect Size
WJR-PV .08 WJR-LW .07 BEX −.27 TCRELATE .01 Attention .06
ARS-LL .02 BIN −.07 FRIENDQ .13 Impulse .24
ARS-Overall .04 DBD −.15 LONELY −.08 RiskTake-C −.16
Depression .08 NEGPEER −.03 RiskTake-M −.21
PEERPRESS .06 PsyMature .08
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